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Abstract

Machine translation is fundamental in closing the gap between different languages, especially in the areas of con- cern and
expertise such as agriculture. With the increase of digital tool usages in the agricultural practice, such an accurate and context-
sensitive translation is increasingly significant. Proper delivery of agricultural information, including farm methods, weather
advisories, and crop suggestions is essential among farmers, farm laborers, policymakers and researchers. Nevertheless,
typical text-based translation frameworks tend to be less than optimal because of uncertainness and a restricted knowledge
of context. To address these shortcomings, the proposed study refers to Multimodal Machine Translation (MMT) to
incorporate textual and visual information to enhance accuracy. Gated Fusion Transformer (GFT) model has been customized
to the agricultural field so that the problem of ambiguity in contexts and inconsistencies in translation can be eliminated.
Training and evaluation were done using the multilingual benchmark dataset known as FLORES-200. Two commonly
employed measures of performance were used, i.e. BLEU and METEOR. The system under proposal produced a BLEU of
58.2; METEOR score of 0.71, a high level and contextually relevant translation indicator. Besides benchmarking the GFT
model in agricultural terms, this work adds value to the research community by offering a basis on which future development
of multimodal translation systems in low-resource settings with domain-specific applications may be done.

Keywords: Machine Translation; Domain Specific Translation; Multimodal Machine Translation; Multi Modal Fusion
Mechanisms; Gated Fusion Transformer; Agricultural Translation.

MT, neglecting the specialized requirements of domain-
specific translation such as agriculture, which demands
models adapted to unique terminology and contextual
meanings. Although some studies have experimented with
multimodal integration in med- ical and technical
translations, there is a scarcity of research on agriculture-
specific multimodal MT. Another major challenge is the
absence of dedicated fusion mechanisms that can optimally
integrate  multimodal data  without introducing
redundancies. Current methods also fall short in quantifying
the impact of different fusion techniques on translation
quality, leaving a gap in the understanding of how
multimodal interactions influence accuracy.

In this paper, a Gated Fusion Transformer (GFT) is intro-
duced, which is a novel multimodal architecture specifically
designed for domain-specific MT in agriculture. The key in-

1- Introduction

Machine Translation (MT) plays a critical role in cross-
lingual communication, especially in specialized fields,
such as agricul- ture, where integrating textual and visual
data can significantly enhance meaning. Conventional text-
based translation models frequently encounter semantic
inconsistencies because of a lack of contextual depth. MMT
aims to overcome these challenges by integrating multiple
modalities, including images, structured data, and linguistic
contexts, to improve translation accuracy.

Several studies have sought to enhance the MT performance
through multimodal integration. However, existing
approaches, such as mBART [1], M2M-100 [2], and TS5 [3],
primarily rely on pre-trained multilingual text models and
fail to effectively utilize visual information for context

enhancement. Previous research has explored multimodal
fusion, but often lacks efficient fusion mechanisms to
balance  information from  different  modalities.
Additionally, most research has focused on general-purpose

novation of the GFT is its gated fusion mechanism, which
effectively balances textual and visual features and
addresses the limitations of existing models. The
methodology includes detailed explanations of the GFT



model architecture, data pre-processing using the FLORES-
200 dataset, and evaluation metrics, such as BLEU and
METEOR.

The research analyzes Multimodal Machine Translation
(MMT) performance within specific applications by
translating English texts to Hindi for agricultural purposes.
Text-only trans- lation models face limitations in modern
translation because they cannot utilize the rich contextual
information provided by combined text and visual data. The
research presents the Gated Fusion Transformer model
(GFT) along with evaluating its translation capabilities
against dominant models in the field. This work makes
several notable contributions: (1) we introduce a Gated
Fusion Transformer that adjusts the flow of text and image
information with gating, (2) we suggest new fusion methods
targeted at translating terms related to agriculture, (3) we
show that our method has better results than current
language translation models and (4) we are the first to
comprehensively study multimodal machine translation in
the agricultural domain. Comparison of GFT performance
with five leading MT models: mBART, M2M-100, TS,
GPT-4 [4], and Seq2Seq [5]. Proof from the study indicates
that combining multiple linguistic modes enhances the
quality of translated content related to agriculture.

This discussion assesses the effectiveness of various fusion
processes and suggests areas for further improvement. It ex-
plores how multimodal fusion affects translation accuracy
across domains and compares domain-specific multimodal
models to general-purpose multilingual MT models.
Furthermore, this study investigated the contributions of
several fusion mechanisms to translation quality and
optimal configuration.

In this we proposed a Gated Fusion Transformer (GFT) as
an innovative solution to the problems encountered by
classic text-based translation models in domain-specific
applications. This paper emphasizes the important findings,
contributions, and implications for future multimodal
translation research, addressing a critical research need in
English-to-Hindi MMT for agriculture.

Machine translation (MT) is critical for improving cross-
linguistic communication. It has a big impact in specific
domains such as agriculture. In these domains, textual,
visual, and struc- tured data all contribute to meaning.
Traditional text-only trans-

lation models often fail to capture the contextual depth
required in specialized domains, leading to semantic
inconsistencies [6]. Recent advancements in Multimodal
Neural Machine Translation (MMT) have addressed these
limitations by integrating multiple modalities such as
images, structured data, and linguistic context, thereby
enhancing translation accuracy [7]. In this study, a Gated
Fusion Transformer (GFT), a multimodal transformer-
based architecture, was designed to efficiently integrate
textual and visual information. The performance of the GFT
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was compared against five leading MT models in the
context of English-to-Hindi translation for the agriculture
domain. This study addressed the following research
questions:

1. How does multimodal integration enhance domain-
specific translations?

2. Does the GFT model outperform the traditional and
pretrained multilingual models?

3. What is the impact of the fusion mechanisms on
translation quality?

The remaining of this paper is organized as follows. Section
2 literature review analyzes prior studies on MMT, fusion
mechanisms, and domain-specific MT, identifying their
limi- tations. Next the section 3 is methodology explains the
GFT model architecture, data preprocessing (FLORES-200
dataset), and evaluation metrics (BLEU and METEOR).
After that the section 4 is experiments and results presents
a comparative performance analysis of GFT against
mBART, M2M-100, T5, GPT-4, and Seq2Seq with
Attention. In Section 5 (Discussion), the impact of the
fusion mechanisms is evaluated and directions for future
improvements are proposed. Section 6 (Conclusion)
summarizes the key findings, contributions, and
implications for future research on multimodal translations.

2- Related Work

Recent developments in machine translation and
multimodal learning have led to the emergence of several
state-of-the- art architectures, each employing unique
strategies to improve translation quality. This section
reviews key advances in neural machine translation (NMT)
and multimodal MT.

According to the author [8][58] English to Hindi translation
using multimodal concepts and monolingual data to
improve the translation quality, the models are considered
as multimodal neural machine translation, the dataset is
Hindi Visual Genome 3, and the evaluation metrics are
BLEU Score, Ribes Score, and AMFM Score. The authors
[9] and [10] stated that gated fusion transformers have been
explicitly utilized in multimodal machine translation
(MMT) for English-Hindi tasks to improve translation
quality by integrating textual and visual features, with clear
experimental success reported in low-resource settings.
However, no study has focused directly on the agricultural
domain.

The features of the image were extracted using pre-trained
visual encoders or advanced techniques such as latent
diffusion models for the enhancement of synthetic data[11],
[12]. These enhanced translations resolve ambiguities in
low-resource settings such as English-Hindi. The
advancement of neural machine translation (mBART) [13]
is a multilingual auto-encoder-based translation model that
leverages denoising pre-training for sequence-to-sequence
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taks. M2M-100 [14] is a fully multilingual transformer
model designed for more than 100 languages, eliminating
dependency on English- centric translation pipelines. T5
[15] is a text-to-text transformer model that is trained for
multiple NLP taks, for machine translation utilizing transfer
learning across language pairs.

Multimodal MT incorporates visual cues alongside text,
leading to more accurate translation. Recent efforts in
image-assisted translation, such as ViLBERT, CLIP, and
Vision Transformers, have influenced the design of MMT
architectures, including GFT [16]. Gated fusion
mechanisms have been introduced to effectively balance
textual and visual contributions [17]. [18], presents a
bidirectional Recurrent Neural Network (RNN) en- coder
combined with a doubly attentive transformer decoder for
multimodal translation. The model was fine-tuned on the
Hindi Visual Genome dataset, which comprises 28,929
parallel English- Hindi sentences. The primary research gap
addressed in this study is the scarcity of resources for Hindi
translation and the need for improved multimodal feature
integration. The proposed approach significantly advances
state-of-the-art methodologies, achieving an impressive
BLEU score of 42.47 on the evaluation set.

The review process joyful multiple metrics, incorporating
BLEU, RIBES, and AMFM, to guarantee a comprehensive
per- formance assessment. The creation of the Hindi Visual
Genome dataset specifically for Hybrid-modal machine
translation appli- cations is a remarkable addition to
Hybrid-modal translation search. With the use of this
dataset, English parts can be self- operating translated into
Hindi while taking related images into account and
advancing contextual awareness. A challenge test set of
1,400 sections was included in the dataset, offering a
reliable standard by which to assess Hybrid-modal
translation models. This study highlights how significant it
is to grow Hybrid- modal attribute incorporation to increase
translation accuracy. The efficacy of this dataset for
multimodal translation tasks was validated by trials that
showed a BLEU score of 37.50 on the challenge test set.
Recent developments underlined the need of combining
textual and visual modalities for machine interpretation.
Improved contextual alignment between textual and visual
data has been shown by refined models on the Visual
Genome dataset, improving rendering accuracy. BLEU
ratings, which offer a normalize indica- tor of conversion
quality, were a major component of the evaluation calculate
employed in these examinations. To enhance the robustness
of the model in practical appeal and optimize the fusion
mechanisms, more examinations is necessary.

3- Experimental Setup

3-1- Dataset Selection

Agriculture-related English-Hindi conversion were release
from the FLORES-200 dataset [19], which offers high-
quality parallel conversions for 200 languages. To ensure
relevance for agricultural appeal, the dataset consists of
domain-specific terms (such as crop diseases, irrigation
techniques, and agricultural implements).

3-2- Preprocessing

Several Technique were working to prepare the data for the
model during preprocessing. Initially, the mBART
tokenizer was used to computing the series, which helped to
efficiently encode them. By doing this, the textual data was
support to be roughly formatted for the model input. Apart
from text processing, the image data was subjected to
particular accommodation in order to conform to the
model’s specifications. To guarantee consistency across all
samples, the photos were scaled to match the expect input
measurements. Additionally, the image data was normalized
to preserve uniformity and enhance the model’s
performance. Techniques for data amplification are applied
to increase the dataset’s stability. One such method is
synonym replacement, which adds difference to the text by
replacing specific words with their synonyms. Back-
translation, which creates a difference of phrase patterns by
translating a text into another language and then back again,
was another enlargement skill used.

4- Methodology

A Gated Fusion Transformer (GFT) expands the classic
trans- former architecture by including a gated fusion
module. This module adaptively weights text and image
embeddings before sending them to the encoder, leading in
improved domain-specific knowledge preservation. For
Hybrid-modal machine translation, gated fusion
transformers give a number of advantages, particu- larly for
agricultural content. By merging textual and visual data, the
translation process was Upgraded, becoming more Precise
and contextually relevant. The Gated Fusion Transformer
uses that both text and images contribute effectively. A
feedforward network (FFN) operates as part of the
representation refinement process.

FFN = ReLU((Wffn = Attention) + bffn) (6)

The learnable weight and bias term consists of Wffn and
bffn. a gate fusion technique to combine generated visual
information with upgraded text data, which refines the
Linguistic accuracy of translations [20]. This model grabs
the connection between visuals and text, Consequent in a



more advanced understanding of agricultural phraseology
and concepts, which are tough in this sector. In agricultural
uses, the model has exhibited good accuracy and rates of up
t0 0.95, 0.92, and 0.94 in disease detection tasks. Enhanced
BLEU scores in comparative studies demonstrate that the
integration of multimodal data greatly improves translation
performance [20]. Better object detection and classification
results are achieved by the Gated Fusion Transformer’s
efficient handling of complex agricultural data, including
fine- grained picture features and detailed textual
descriptions [21]. Accurate translation of agricultural
content, which frequently includes complex and varied
information, re- quires robustness. On the other hand,
although the Gated Fusion Transformer is highly effective
in Hybrid-modal settings, there are still problems with
securing the cable layer of the visual data that is created and
the necessity for large training datasets, which may limit its
use in settings with restricted resources [20]. The Gated
Fusion Transformer (GFT) approach for Hybrid- modal
machine translation merges textual and visual input to rise
translation precision. The method starts with a visual
encoder, which extracts image features using an attenti
mechanism to create a visual output while also grasping
tough contextual information. Textual data is also encoded
positionally, ensuring that the model honors word order.
The Gated Fusion Module merges both textual and visual
characteristics, and the fusion process is directed by the
equation:

Gt bt
Hanater i e e
S ot prostey

S
40 [, —~ >
=& e ||| . ook
e » o ® J »

Peanr,
sl o Aesridll S

Fig. 1. Gated Fusion Transformer

The Gated Fusion Transformer (GFT) figure 1 stands as an
advanced architectural design which enhances translation
quality through the fusion of visual information into text-
based machine translation systems. The model requires two
main inputs which are the text and image data. The language
input receives embedding processing after tokenization and
image processing involves the application of visual feature
extractors through pre- trained CNN or ViT before feature
extraction. The features are jointly aligned with text
features to achieve dimensional compatibility between
elements.

During Transformer Encoder in figure 1, text embeddings
receive positional encodings for maintaining word order
details. Self-attention together with feed-forward layers
operate on the inputs in an encoder to generate contextual
feature vectors. The core innovation of GFT model involves
the Gated Fusion Mechanism because it receives text and
visual features together. A gating function based on sigmoid
activation governs the amount of visual information that
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will contribute to the process. A dynamic gating function
within the system determines how X is transformed into
query Q, Key K, and Value V representation is mechanism
aims to improve translation outcomes while avoiding noise
contamination.

4-1- Detailed Architecture Components

Visual Feature Extractor
Input : ImageI “(H W 3) Process :

— ResNet—50/ViTfeature extraction
— Global Average Pooling
Output: Visual featuresV “dv
1. Text Encoder

Input : Source te x t tokens S = {sl,s2, ..., sn} Process

— Embeddinglayer: Es=Embed (S)

— Positional encoding: Ps=PosEnc (Es)
— Multi—headself—attention layers

Output : Text featuresT "(ndt)

Gated Fusion Mechanism (Proposed Innovation)
Algorithm 1: Gated Fusion Process

Text features T, Visual features V' Fused features /' Con
catenate features: C « [T'; Vexpanded] Compute gate

weights:
Gt = o(Wgt - C + bgr)

Gy = O'(ng : C+bgv)

Apply gating:
Ft=GtOT

Fv = Gy © Vexpanded

Combine: F Fy + Fv
normalization: F

LayerNorm(F')

Layer

. Transformer Decoder

- Masked self-attention

. Cross-attention with fused features
. Feed-forward networks

- Residual connections
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4-2- Training Algorithm

Algorithm 2: GFT Training process

Dataset D = {(S;, I;, Ti)} Parameters: 6 = Wenc, Wdec,
Wgate, Wffn Initialize parameters 0 randomly each epoch
each batch B in D Extract visual features:

V « VisualEncoder(I)

Encode text:

Hs « TextEncoder(S) Apply gated  fusion:

F — GatedFusion(Hs, V)

4-3- Innovation Highlights

Novel Contributions

1. Adaptive Gating Strategy: Dynamic weight
assignment based on contextual relevance

2. Domain-Specific Fusion: Agricultural
terminology-aware integration

3. Multi-Scale Visual Processing: Hierarchical
feature extraction

4. Cross-Modal Attention: Bidirectional information
flow

4-4- Architectural Novelty

o Learnable gate parameters for modality weighting

o Context-aware fusion  avoiding  information
redundancy

o Agricultural domain vocabulary enhancement

o Robust handling of low-resource language pairs

5- Results and Comparative Analysis

This part provides performance comparisons between the
Gated Fusion Transformer (GFT) model and existing top
ma- chine translation models currently available.
Evaluation relied on BLEU and METEOR scores to
calculate translation accu- racy through measuring the
shared content between generated output and reference
translations. The evaluation demonstrates how multi-modal
fusion powers translation improvement when analyzing the
agricultural domain.

The evaluation included well-recognized metrics from ma-
chine translation assessment to provide both a thorough and
trustworthy assessment of performance. The assessed
BLEU score evaluates translation quality through its
assessment of the accurate usage of n-grams between
generated text and reference materials to detect lexical
similarities. The BLEU score is calculated by usin below
equation.

BLEU =BP x exp N n=1 wn - log pn 9)
where:
. BP(Brevity Penalty) =min 1,exp | —r

5-1-1.1.  r= reference length

5-1-1.2. ¢ = candidate length

5-1-1.3.  pn = modified n-gram precision
5-1-1.4.  wp = uniform weights = 1

Additionally, the Metric for Evaluation of Translation with
Explicit Ordering (METEOR) offers a more nuanced
assessment by incorporating factors such as synonymy,
stemming, and word order, providing a holistic measure of
translation accuracy. These metrics collectively facilitated a
robust evaluation of the system’s effectiveness in producing
high-quality translations.

METEOR Score is determined by using below formula

METEOR — (A=p-P-R

oP + (1 —a)R (10)
Where:
* P (Precision) = matched unigrams|
|candidate unigrams|
* R(Recall) =|matched unigrams|
[reference unigrams|
* a, f = tuning parameters
Table 1: Comparison of Translation Models Based on Bleu Scores
NO |Dataset |Language Model BLEU
Pair Score
1 [wmt English to [SMT+iterative 26.22
2014 French backtranslation [22]
2 jwmt English to |DelighT [23] 40.5
2016 French
3 wmt German to  [SMT+iterative 17.43
2014 English backtranslation [22]  [23.05
wmt2016  (German to
English
4 jwmt German to  [Attentional encoder  [38.6
2016 English decoder+ BPE [24]
5  |jwmt German to  [Linguistic Input [28.7
2016 English features [25]
6  [wmt German to  [ExploitingMono at @47.5
2016 English Scale [26]
7 (wmt French to [SMT+iterative 17.43
2014 English backtranslation [22]
8  jwmt English to [Attentional encoder  [25.8
2016 Czech decoder+ BPE [24]
9 |wmt Czech to |Attentional encoder  [25.8
2016 english decoder+ BPE [24]

The various translation models and different language pairs
by using WMT-2014 and WMT-2016 dataset the
performance of BLEU Score is describing in Table 1. For
the English to French Language pair, the SMT+iterative
back translation model, the BLEU Score is 26.22 on the
WMT dataset, and the model DelighT BLEU Score is 40.5
on dataset WMT-2016 exhibited a significant enhancement
in the quality of translation. For the German-to- English
language pair, the SMT+iterative back translation model
BLEU Score is 17.43 on the WMT 2014 dataset and on the



WMT- 2016 dataset, showing notable enhancements in the
quality of translation. The Attentional encoder
decoder+BPE model per- forms well for German-to-
English translation with a BLEU Score of 38.6 on the WMT
2016 dataset. The Linguistic input features model BLEU
Score is 28.7 and Exploiting Mono at Scale model achieves
the highest BLEU Score of 47.5 indicating excellent
translation quality of the language pair German to English.
The SMT+iterative back translation model also scores
17.43 for the french to English language pair on the WMT
2014 dataset. The Attenional encoder decoder+BPE model
achieves a BLEU Score of 25.8 for English to Czech and
Czech to English translation with the WMT-2016 dataset,
reflecting the performance. The performance of translation
models with different Langugapairs and datasets showed
significant improvements in certain models and language
pairs. Translation quality was evaluated using the BLEU
and METEOR scores. The results are summarized below.

Table 2: comparison of models with accuracy

Model BLEU Score | METEOR Score
GFT 58.2 0.71
mBART 54.6 0.68
M2M-100 523 0.65
TS 50.7 0.63
GPT-4 48.9 0.60
Seq2Seq 452 0.58

The experimental results in Table II reveal several key
insights regarding the performance of different models in
English-to- Hindi multimodal machine translation for the
agricultural do- main. The Gated Fusion Transformer (GFT)
model consistently outperformed the other evaluated
models and achieved the highest BLEU and METEOR
scores. This superior performance underscores the
effectiveness of its gated fusion mechanism in integrating
multimodal contexts, thereby enhancing context retention
and producing more precise and semantically relevant
translations. By dynamically balancing textual and visual
in- formation, the GFT model mitigates ambiguities and
ensures  accurate translation of  domain-specific
terminology.

In contrast, mBART and M2M-100 demonstrated
competitive performance, largely because of their extensive
multilingual pre- training. However, their lack of explicit
multimodal fusion capa- bilities limits their ability to
effectively  translate  domain-specific  terminology,
particularly in cases where textual context alone is
insufficient. Similarly, general-purpose models, such as T5
and GPT-4, exhibit suboptimal results in domain-specific
translation despite their state-of-the-art performance in
broader natural language processing (NLP) tasks. The
absence of mechanisms to incorporate visual context leads
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to reduced contextual accuracy, particularly for specialized
agricultural terms. Furthermore, the traditional Seq2Seq
model, which relies solely on textual input, struggles to
capture domain-specific nuances, resulting in the lowest
performance among the evaluated models.

The impact of multimodal fusion is evident in the superior
translation quality achieved by the GFT. The model’s
ability to seamlessly integrate textual and visual features
enables it to resolve textual ambiguities by using
complementary visual information. Moreover, it effectively
translates domain-specific terms by leveraging both
modalities and demonstrates adapt- ability to low-resource
settings by utilizing supplementary infor mation from the
images. This capability is particularly crucial in specialized
domains, where textual data alone may be insufficient for
accurate translation.

Despite these advancements, several avenues for future
re- search and optimization remain. Expanding the training
cor- pus with additional agricultural datasets can further
enhance the robustness and generalizability of the model.
In addition, refining fusion mechanisms to optimize
performance across di- verse domains can strengthen
multimodal translation capabilities. Exploring hybrid fusion
techniques that combine gated fusion with attention-based
enhancements presents another promising direction for
improving the translation accuracy and contextual
understanding. These refinements have the potential to
further advance multimodal machine translation, ensuring
more effective and domain-specific translations.

Table 3: score comparison of multimodal machine translation

models
Dataset Model BLEU
Hind1i Visual VITA [27] 44.6
Genome
Multi30k, flickr Oféls-mt-te-base-gnw-gnw 322
Multi30k VAG-NMT [29] 31.6
Multi30k ERINE-UniX2 [30] 493
Multi30k IKD-MMT [31] 41.28
Mult130k DCCN [32] 39.7
Multi30k caglayan [33] 394
Mult130k %ﬁﬁnbel-Attention MMT | 39.2
Multi130k 1[131151%tim0da1 transformer | 38.7
Multi30k ImagiT [36] 384
Multi130k del+obj [37] 38
Multi30k VMMTF [38] 37.6
Multi30k IMGD [39] 373
Multi130k NMTSRC+HIMG [40] 37.1
Multi30k VAG-NMT [29] 31.6
Multi30k PS-KD [41] 323
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Fig. 2. Results analysis of accuracy on multimodal machine translation

6- Conclusion

This study demonstrates the effectiveness of the GFT for
English-to-Hindi multimodal translation in the agricultural
do- main. By leveraging gated fusion mechanisms, the GFT
achieves superior BLEU and METEOR scores,
underscoring its practical applicability for domain-specific
MT tasks. Future research should focus on scaling GFT to
larger datasets, fine-tuning additional agricultural data, and
extending its application to other multimodal domains.
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Abstract

Health in Indian scenario is a state subject which means that states usually use their independent respective IT systems based
on their specific needs and requirements. This brings a big challenge in terms of diversified nomenclatures used in across
Indian states and Union Territories (UTs). Centralized data analysis is required by central agencies like Ministry of Health
and Family Welfare (MoHFW) and the National Health Systems Resource Centre (NHSRC) for performance monitoring and
policy making. This diversified nomenclature poses a significant hindrance in the process. The aggregation, standardization,
deduplication, and visualization of data from these heterogeneous sources is both complex and resource intensive.This paper
presents solution for the above challenges and propose a comprehensive framework for analyzing data from heterogeneous
sources related to supply chain of drugs and vaccines. The framework incorporates fuzzy logic-based algorithms for
deduplication of drug and vaccine nomenclature and supports real-time data analysis through the use of Key Performance
Indicators (KPIs). It further enables centralized monitoring and decision-making via a built-in visualization layer, accessible
to stakeholders at multiple administrative levels.While the framework has been tailored to the Indian public health context,
its modular design makes it broadly applicable to other domains requiring integration of diverse data sources for strategic
planning and policy implementation.The use of open-source technologies for development of various configurable and
integrated layers like ETL, Deduplication, Standardization and Visualization layers encompassing into a single framework
ensuring cost effectiveness in delivering the end-to-end solution makes it a novel and impactful for adoption specially in
resource constrained environments.

Keywords: Public Health Informatics; Indian Health Framework; Deduplication; Digital Health; Drugs and Vaccines
Availability; Essential Drugs and Vaccines; Extraction Transformation and loading (ETL); Public Health; Supply Chain;
Warehouse.

makes the implementation of health initiatives really
challenging. Effective health improvement requires

1- Introduction studying prevalent health systems, disease burden, and risk
mitigation.

Health is a state subject in India, with 36 States and Union The Global Burden of Disease (GBD) study highlighted the

Territories (UTs) each using independent systems with need for consistent health systems across states [1]. [2]

unique nomenclatures. [1]described India as a "Nation emphasized the importance of state-level health

within Nations” due to its vast population. Population of investments and the federal government's role in

each state is comparable to that of many countries, which encouraging such initiatives and increasing public

D4 Corresponding Author
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10 Verma, Agarwal & Singh, Transforming Public Healthcare Supply Chains: A Framework to Measure Efficiency of Heterogeneous ...

healthcare investment. For effective informed decision-
making, standardized data is essential for central agencies
like National Health Systems Resource Centre (NHSRC)
and the Ministry of Health and Family Welfare (MoHFW).
They also require effective visualization on standardized
data for analysis and further use in the centralized health
system.

India's health system is divided into several major
programs, with each state having its own IT-enabled
systems to address health issues [3]. Reports indicate a high
dependence on central agencies for smooth implementation
of health services. (Atreya, 2020) noted that deficiencies in
technical strength available with states were highlighted
during pandemic, emphasising the role of central
government in providing expertise, funds, and policy
guidance.

This paper proposes a comprehensive framework for central
agencies for Extraction, Transformation, and Loading
(ETL) of diverse health data from various sources with a
aim to make data usable and ready for analysis at central
level along with providing visualization for analysis to them
for effective decision making.

The objective is to design and develop a framework for
handling large health data for drug and vaccine availability
in Indian context. The authors propose utilizing open-
source technologies to ensure cost effective and scalable
solution for ETL, deduplication, standardization, and
visualization, facilitating data analysis for central agencies
through Key Performance Indicators (KPIs).

This novel framework involves six components for an end-
to-end solution, from remote data extraction to
visualization, assisting users in making informed decisions.
The implementation uses open-source technologies like
J2EE, jQuery, and JavaScript to reduce costs. Each
component is detailed in the following sections of this paper

2- Literature Review

[4] describe ETL systems as "resource-intensive, costly,
and highly complex," accounting for approximately 70% of
the workload in data warehouse development. They
highlight the lack of systematic methodologies and
supporting tools to meet ETL quality requirements, noting
that most implementations rely heavily on developer
experience.

[5] and [6]describe ETL (Extract, Transform, Load) as a
fundamental process in data warehousing. Extraction
involves  gathering data from diverse sources;
Transformation includes cleaning and restructuring the data
for analysis; and Loading refers to inserting the processed
data into the target system such as a database, data mart,
data lake, or warehouse.

In the ELT approach, data is loaded into the target system
before transformation occurs, allowing transformations to

leverage the processing capabilities of modern data
warehouses. Sivabalan et al. (2021) describe ELT as a
process of collecting data from APIs or SQL/NoSQL
sources, followed by wvalidation, transformation, and
storage—all scheduled systematically [7].

[8] states that ECL-TL method reduces coupling between
these stages and enhances adaptability for complex
transformation scenarios.

[9] cites various challenges of the ETL process like high
velocity data, strive for low latency, security etc and
discusses various strategies for addressing these challenges
[10] , [11] ETL remains critical for integrating and
processing data before analysis. Variants such as ELT
(Extract, Load, Transform) and ECL-TL (Extract, Clean,
Load — Transform, Load) have emerged to address
challenges in traditional ETL pipelines —.

In the healthcare context, Dixit et al. (2019) review the
supply chain of drugs and vaccines, emphasizing the
importance of IT-based systems to improve efficiency and
reliability [12]. Atinga et al. (2019) explore supply chain
gaps in Ghana, recommending improvements in human
resources, technical infrastructure, and IT-based systems to
enhance performance [13].

[14] addressed the scenario of the IFA supplementation
program under the Anemia Mukt Bharat (AMB) program,
wherein they refer to the problems related to the supply
chain of drugs and vaccines and calls for the requirement of
supply chain review framework for performance
monitoring through measurement of defined Key
Performance Indicators

A survey of software used across Indian states and Union
Territories revealed varying practices for procurement and
distribution of pharmaceuticals [15]. The study aimed to
identify a solution that meets regional requirements using
available software resources.

Popular ETL tools were reviewed for their applicability in
healthcare data integration:

SAS Enterprise Guide (EG) 7.1 is a Windows-based
application providing GUI-driven SAS functionality,
metadata storage, and automation features. However, it has
limitations in consuming web services (SOAP/REST),
deduplication, and advanced visualization [16], [17], [18].
Microsoft SSIS supports integration from XML, flat files,
and RDBMS sources. It offers built-in transformations and
a graphical design interface but lacks robust dashboard
visualization capabilities [19].

Informatica PowerCenter is noted for its robust ETL
features, automated testing, and support for zero-downtime
operations, though it comes with premium licensing and
optional add-ons [20].

Pentaho Data Integration (PDI), formerly Kettle, is Java-
based and supports reporting and OLAP through additional
subprojects. Enterprise editions are available [21] ,
(https://en.wikipedia.org/, 2019).
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IBM DataStage is recognized as a leading data integration
tool enabling the development and execution of data
movement and transformation jobs [23].

Adeptia focuses on reducing integration complexity,
offering real-time data access and user-defined
transformations for business productivity (Adipati, 2022a,
2022b).

Talend provides ETL solutions for integration, quality
control, and big data, with products like Talend Open Studio
offering an open-source environment for pipeline
management [26] [27].

CloverETL supports automation, scheduling, and
integration through a J2EE-compatible platform with
SOAP/HTTP APIs for control [28].

Hevo Data emphasizes ease of use, automation, and pricing
based on usage. It facilitates integration from various
sources into warehouses for analytics readiness (Hevo-
Features, 2021).

Oracle Data Integrator is positioned as a comprehensive
integration solution that integrates seamlessly with Oracle’s
enterprise suite [30].

(Khan & Hoque, 2015;2017), [32] and [33] underscore the
relevance of ETL tools in healthcare systems —, [10], [34],
[35], [36] shares insight about the large resources that are
consumed during the ETL processes. Comparative analysis
of seven tools across 33 different criteria are provided by
(Biplob et al., 2018).

Summary and Research Gap

The literature reveals a consensus on the complexity and
centrality of ETL processes in data warehousing,
particularly in healthcare applications. Existing tools vary
in functionality, integration capabilities, cost, and user
experience. Despite the availability of numerous ETL
solutions, there is a lack of customizable, open-source
platforms tailored for Indian healthcare supply chain
management needs.

Proposed Framework

Based on the literature review, this study proposes an open-
source, configurable framework designed for aggregating
data from all Indian states and Union Territories. The
framework supports data cleaning, standardization,
centralized storage, and a visualization layer for decision-
makers. It aims to bridge the gap between available ETL
solutions and the specific needs of regional health
departments.

3- Proposed Solution and Methodology

The following components are envisaged by the proposed
framework:

Component 1 represents the remote repositories of data
where IT-based systems are in place, these can be
understood as the respective Indian states and union
territories that have their IT-based systems for the supply
chain of drugs and vaccines. These states and UTs have
their respective rulesets and nomenclature as well that are
being used in their respective systems. The respective
systems work well to satisfy the needs of respective states /
UTs.

Component 2 represents the ETL Layer. It is proposed to
be configurable as ETL or ELT or ETLT as per the
requirements of the KPIs under consideration.

Component 3 represents the Standardization Layer. This
needs to be adaptive to handle the needs of all Indian states
and UTs. It can be understood as the mapping process to
ensure common nomenclature for drugs/vaccines/health
facilities/suppliers etc.

Component 4 represents the Deduplication Layer. The
authors propose the ruleset specific to the drugs and
vaccine's nomenclature and corresponding weights.
Multiple levels of fuzzy logic functions are included in it
for predicting the duplicity chances and then presenting the
probability of 2 entities being duplicates or not. The final
Decision for the removal of such entities is left to the central
users, as of now. However automatic removal can also be
configured in this framework.

Component 5 represents the Visualization Layer. Support
for multiple and configurable options for visualization
using libraries from Google Charts, Bootstrap, Hi-charts,
etc. is proposed for this component.

Component 6 represents the final users for whom the
system will generate the visualizations based on the
required Key Performance Indicators (KPIs). This can be
understood as the States / Union Territories / Central
Agencies like NHSRC, CHI, MoHFW, etc.

The following figure presents the components of the
proposed framework.
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Figure 1: Components of the Proposed Framework.

[37] in his work mentions that data errors increase once the
integration of data across the system is sought due to
heterogeneity in the data, He outlines the value of clean and
quality data and stresses the role of technology in providing
quality data. In the health systems, data formats, and
nomenclatures vary significantly between states and union
territories. The states / UTs have their IT-based solutions
for Health Systems for the distribution of drugs and
vaccines. A detailed study of such systems used in India was
carried out by the authors. The systems have their own
databases which store the data of specific states / UTs [15].
Although the systems were similar the data across the
systems is heterogeneous both in terms of structure and
nomenclature. The problem of heterogeneity of the data is
resolved by the pre and post-processing components and the
standardization component of the proposed framework. The
various components of the proposed framework are
described in the following sections.

3.1 ETLT Component:

The authors adopted a configurable approach wherein the
ETL can be configured as ETL ELT or ETLT depending on
a case-to-case basis. The proposed 5 Layered Approach as
follows:

Layer 1: Remote Layer — represents remote data
repositories like Postgres, EDB, Oracle, SQL Server,
MySQL, etc.

Layer 2: Extraction Layer — represents the extraction part.
The extraction can be through REST-based Web Service

ii.

APIs, SOAP-based Web Service APIs, direct DB
connection, Stub-based DB connection, etc.

Layer 3: Transformation Layer —This layer represents pre-
processing requirements. This can be an optional layer that
is used for pre-processing for cleaning of main
repository/table, versioning, DSS creation, or for
implementation of misc. logic which may be required to be
performed before loading.

Layer 4: Loading Layer — represents loading activity. The
loading can be simple loading in which data is simply
pushed into the repository as it is fetched.

Layer 5: Transformation Layer — This layer represents
post-processing requirements that may include data
standardizations, partitioned tables, multi-table inserts, and
implementation of misc. logic which may be required to be
performed after loading.

L3l L2 L3 Ln
§ Postgres EDB Oracle DBn

Re er
potee =

Extraction Extraction  Extraction
¥ fromRest from SQAP  from DB

E){tra ction Lave‘ API API Credential

T - Clear;lng Ve;si?gs DSS IMIstl:. Logic
r . 4 main of o G mplemen-
ansformation LaY table data) | 18000 X ton

Pre processing

< gl Simple Loading with on-the-fly
‘-Oadlng layer Loading transformation

Tr x er .-
ansformation 12¥ Standardi- Partitioned ~ Multi  Misc. Logic

(Post Processing) zations  Tables table  Implemen-
Inserts tation

Figure 2: Proposed Architecture for ETL Component.

The Authors designed a utility system based on the designed
framework which consists of screens for configuration of
remote locations, configuration of jobs on those locations,
and provision of one-time, manual, or scheduled execution
of created jobs. The Proposed ETL Solution consists of the
following steps.

Step 1: Configuration for connection and extraction (State /
UT Configuration)
When the Destination DB details can be provided to the
utility
When the Destination DB details cannot be provided to
the utility, Through Web Services (APIs)
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The normal flow is presented in the following figure:

State / UT
Configuration

Specify Web Service (Rest /
SOAP) API Details along with
credentials

Remote Repository
Details available?

| Specify Repository Details along with credentials ‘

! I

[ Soecifv ETL Server Details alone with credentials I

!

[ Specify other configuration parameters like timeout, Data Fetch Size etc ‘

l

[ Test Connection

Check whitelisting issues /
credentials issues

Connection
Successful?

Job
Configuration

Figure 3: Configuration for connection and extraction (State / UT
Configuration)

Step 2: Creation of Jobs for states for the ETL Process
which includes.

1. Select Fetch Query [Extraction]

il. Preprocessing Activity [Transformation] [Optional
Transformation BEFORE Loading. It can be used
for the creation of history tables / DSS tables or the
creation of versions of past data and cleaning of the
main table.]

1. Insert into the Central Warehouse [Loading]

iv. Post Processing Activity [ Transformation] [Optional
Transformation AFTER Loading. It can be used for
standardization via updating of codes from the
mapping tables of the centralized Repository. It can
also be used for creating partitioned tables or
different tables based on some Key parameters like
location etc.]

The normal flow is presented through the following
figure:

Job
Configuration

Select State / UT (from Configured Statesin previous step)

!

Configured as .
Specify Fetch Statement

AP| State / UT?

l Specify API URL ( Provided by State /UT )

!

\ Specify Pre Processing Statement (Optional)

!

‘ Specify Loading Statement ‘

'

‘ Specify Post Processing Statement (Optional) ‘

'

‘ Specify base date / time |

'

| Specify Scheduling Parameters |

Figure 4: Configuration for ETL Jobs.

The authors found the Extraction Transformation Load
Transformation (ETLT) approach most useful.

3.2 Standardization Component:

Different states / UTs have implemented different systems
as per their respective needs. There are different masters
available for the same object. For instance, the
nomenclature for Drugs is different for every state / UT e.g.
Paracetamol 500 mg tablet is present with different
codes/IDs and different names at respective states. So, the
need was to standardize such objects. For standardization,
the Authors decided to create a master set at a central
location with unique instances of objects from every state.
Secondly, a mapping process was envisaged to enable states
/ UTs to map their drug with the drug created in the central
master. The following figure illustrates this concept in
greater detail:
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Drug Mapping Master

*Item Category| Drugs
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Figure 5: Standardization component.

So here a screen is divided into three parts (Top Pane, Left
Pane, and Right Pane). The top Pane represents the drugs
from Central Master, Left pane shows the unmapped drugs
of the selected state. Now when any state wants to map its
drug with a central drug, it selects the drug in the Left pane
and moves it to the Right Pane. This way drug nomenclature
is standardized for all states / UTs. Similarly, provision for
standardization of Health Facilities and Suppliers, etc. is
conceptualized in our framework.

3.3 Deduplication Component:

Authors faced the challenge of the absence of exact salt
information in the data repositories of state / UTs, authors
devised an algorithm for finding duplicate records via
probabilities. The following steps are proposed:

3.3.1 Decide upon the parameters for
determining the probability of duplicity.

3.3.2 Decide upon the initial weights for
parameters.

3.3.3  Storage of two compared data.

3.3.4  Execution of the algorithm to calculate
the probable percentage that any 2 drugs
are probably duplicated by 'x' percent. It
includes implementations of Fuzzy Logic
for string comparison.

This calls for gathering the drug data and assigning weights
to related parameters which will eventually help in
deduplication.

Calculate Metaphone values

Determine the Parameters

Assign weights to parameters
based on their importance

Calculate Soundex values
and compare

Calculate leveinstine distance
and compare
and compare

Calculate Double Metaphone
values and compare

Figure 6: Steps followed for deduplication of drugs.

For finding duplicate drugs, weights need to be given to the
various parameters based on our experience (initially) like:

a.

Parameter - Drug Name — Initial Weight - .75

Drug nomenclature is the systematic naming of drugs,
mainly pharmaceutical drugs. The name given by the
producing company or based on the active ingredient
a drug produces of the brand name drug [38], [39],
[40], [41], [42].

Parameter - Strength — Initial Weight - .05

Strength is the amount of drug in a given dosage form,
for example, 500 mg/tablet [12].

Parameter - Group — Initial Weight — .02

Each drug is classified by its presence of active
substances which are divided into different like
Anaesthetic ~ agents,  Adrenocortical  steroids,
Analgesics  Antipyretics  Nonsteroidal  Anti-
inflammatory Medicines & Anti-Rheumatic Drugs,
Anti-Depressants, Immunological, Psychotropic
Drugs, etc.

Parameter - Subgroup — Initial Weight - .01

Each drug is classified by its presence of active
substances and divided into groups based on certain
pharmacological properties [13].

Parameter - Drug Type — Initial Weight - .02

Based on different types of packaging and the way it
can be consumed. For example, injections, inhalators,
oral drugs, vials, etc.

Parameter - Drug VED- Initial Weight - 0
Classification of any drug belonging to the Vital,
Essential, or Desirable category. Vital drugs are those
which are expected to be present in all types of health
facilities, they can be termed as “Life-Saving Drugs”.
Essential are those that are relatively less important as
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Lifesaving but are required to be present for treatment
of common illnesses, The Desirable category is for
those drugs that are not required to always be in stock,
they can be understood as “Good to Have” drugs.
Parameter - Drug_ CAT — Initial Weight — 0

The Public Health System in India is categorized into
three levels.

Primary level (sub-centers and Primary Health Centres
(PHCs)),

Secondary level (Community Health Centres (CHCs)
and smaller Sub-District hospitals) and

Tertiary level (Medical Colleges and District/General
Hospitals).

Classification of any drug belonging to Primary,
Secondary, or Tertiary category. Accordingly.
Parameter - Drug_Soundex — Initial Weight — .08
Soundex is a phonetic algorithm that helps in indexing
names by sound the way they are pronounced in
English. This algorithm aims to match homophones
despite minor differences in spelling. Also, it encodes
consonants and vowels will not be encoded till it is the
first letter [43]. The Soundex function is used in this
framework to find the matches between two drug
names and to address the issue of spelling mistakes.
Limitations of Soundex include sensitivity to spelling
variations, dependence on the initial letter, noise
intolerance (mistyping, extra consonants, swapped
consonants), and differing transcription systems.
Other potential errors can be the use of initials,
particles in names, perceptual differences, and silent
consonants.

Parameter - Drug Double Metaphone — Initial
Weight — .02

Metaphone is an improved version of the Soundex
algorithm as it uses information about variations and
inconsistencies in pronunciation of English spellings
to produce a more accurate encoding [44]. The Double
Metaphone provides an improved algorithm over the
original Metaphone algorithm. [45]. Rudrappa,
Agarkhed, and Vaidya (2019) while describing the
implementation of Double Metaphone mentions it as a
second-generation  algorithm, which  contains
fundamental design improvements [42]. To handle
ambiguous cases as well as multiple variants of
surnames with common ancestry, it returns two codes
for a string i.e. a primary and a secondary code and
hence the name double is attached to the algorithm.

[46]

Parameter - Drug Double Metaphone Alt — Initial
Weight — .02

This is the secondary code for a string in double
metaphone.

Parameter - Drug Levenshtein — Initial Weight - .03

The Levenshtein distance is a string metric that measures
the difference between two sequences to convert one into

the other by the minimum number of single-character edits
(insertions, deletions, or substitutions) [47].

The total weights need to be 1 for ease of comparison of
results.

Sensitivity Analysis

Sensitivity Analysis of the Initial Weights is as follows:
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Sensitivity of precision
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Figure 7: Sensitivity Analysis with original weights.
Summary:

1. Drug name exact match (cwhstr drugname)
dominates.
Too low = model breaks.
Too high = recall increases, precision decreases.
Current baseline looks balanced.

2. Phonetic + Levenshtein features are valuable.
Increasing their weight slightly improves recall
and F1.

Recommend boosting these to catch spelling
variations / typos.

3. group-level features (group id, subgroup id,
drug type id, etc.) are less sensitive.

They stabilize the model but don’t strongly shift
performance.
Safe to keep their weights moderate.

Weights Optimization:

Although the weights provided accurate results, models
were tested with multiple values of weights and minor
optimizations were done in the weights

After various rounds, optimized weights are as follows:

param_weights optimized =

{
"cwhnum_group id": .02,
"cwhnum_subgroup_id": .01,
"cwhnum_drug_type id": .02,
"cwhnum_drug_cat id": 0,
"cwhnum_drug ved id": 0,
"cwhstr_strength name": .04,
"cwhstr_drugname": .72, # keep dominant but slightly
reduced
"cwhstr_drugname soundex": .10, # boosted
"cwhstr_drugname dmeta": .03, # boosted
"cwhstr_drugname dmetaalt": .03, # boosted
"cwhstr_drugname levenshtein": .05 # boosted

}

Sensitivity analysis shows that although the weights which
were chosen initially based on purely experience basis were
sufficient, still they have minor scope of improvements
wherein minor boosting is recommended in parameters
related to fuzzy matching of the stings like Soundex,
Metaphone and Levenshtein while the weights for the drug
name can be slightly reduced to have better performance of
the model.

Sensitivity Analysis shows following improvements:
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Figure 8: Sensitivity Analysis with optimized weights.
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Results of Weights Optimization:

Overall F1 range: ~0.84 — 0.90 (pretty stable, good
performance).

Accuracy: ~0.73 — 0.84.

Recall: Mostly 1.0 (catching all true matches), except some
cases where it drops to 0.95.

Precision: Varies 0.75 - 0.97 depending on the parameter -
main driver of changes in accuracy/F1.

So the model is recall-heavy (it rarely misses matches).

Algorithm: The designed algorithm below briefs out the
fundamental steps to be followed which pull out the
duplicate records. The first procedure is to be followed
recursively till all the drugs are processed and above 90%
probability is achieved.

Determine the
parameters
L

Assign them
weights

Repository
to store
parameters
and weights

Implement
Fuzzy Logic
for string comparison

Step 1

Calculate Soundex f Calculate
Vvalues and Levenshtein
= Distance and

{ Compare Compars

Step 2 | IStEP 3

Step 4
Repository
to store
Compared
Data Step 6

Step S5

Calculate Metaphone
and Double Metaphone

Values
and Compare

Figure 9: Algorithm for Data Deduplication.

Results: After execution of the above algorithm across
every row, the results came into the picture with the
following implementation:

param_name)=

Figure 10: Implementation of Algorithm for Data Deduplication.

Output received from the deduplication process where the
drug ID at Left-Hand-Side (LHS) is compared with the drug
ID at Right-Hand-Side (RHS). The value is the probability
that the percentage of the drug at LHS is a duplicate of the
drug at RHS.

Table 1: Result of Algorithm for Data Deduplication.
Counti |Countj | Drugld LHS |Drugld RHS | Value

1 1 21191000 21191001 0.1
1 2 21191000 21191002 0.05
1 3 21191000 21191003 0.03
1 4 21191000 21191004 0.03

Processing these raw results, the following illustrations
came into consideration that around 1.5% of duplicate
records are found with a 90% possibility of duplicity.

Duplicate Drug with 90% and more Iteration 1 - 1.5% duplicate drugs
possibility found

Figure 11: Distribution of duplicate records in Iteration-1
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After removing these records, above-mentioned procedures
are executed on the remaining rows which lead to new
values. Iteration continued till the achievement of 90%
accuracy was discontinued resulting in the following graph:

Duplicate Drugs Count

Iteration1 Iteration 2 Iteration3 Iteration4 IterationS Iteration &

Figure 12: Count of duplicate records across total records.

Hence in total around 149 duplicate drug entries were
detected in 7 iterations which says around 4% of total drugs
were duplicates. Stating that under one system, entries of
4% duplication are found then this percentage will be much
higher in the case of big data and their analysis leading to
much higher business issues.

3.4 Visualization Component:

The visualization component takes the input of the data that
is stored by the ETL Utility, standardized and de-
duplicated. The visualization component creates
dashboards with charts/graphs / tabular data etc. through
Key Performance Indicators (KPIs). This framework
proposes different layers of Visualization Components i.e.:
Widget Layer, Tab Layer, Dashboard Layer. These three
layers can be implemented through three different processes
i.e. Widget Master, Tab Master, and Dashboard Master.

Widget Master is the basic unit that contains the API or the
Query or the Procedure call to the repository to get data for
visualization. Customizations like Font size, color,
background size, color, etc. are also handled at this level.
The widget can be of type Tabular, Graph, KPI, Map, News
Ticker, Another link, or Iframe. Option for Caching the data
is also required at this level along with Refresh time.
Various visualization libraries like Google Charts, HI
Charts, etc. must be available here for selection. Tab Master
is the collection of widgets that are required to be displayed
on the page. It must provide the location on which a
particular widget is to be displayed along with the order in
which it must be displayed to the user. Dashboard Master is
the collection of tabs that the dashboard must contain. It

presents the tabs as pages along with their menus. Al Zoubi,
S., Gharaibeh, L., Jaber, H. M, et al. (2021) pointed out the
panic behavior at the time of COVID-19 which resulted in
shortages of sanitizers and other related medicines. This
framework provides a way to early detect such sudden
increases in stockouts through visualizations so that
decision-makers can take a call to control the situation [48].
Present Deployment of the integrated framework used
open-source Java, React and Python with the following
technologies:

a) GIT for code synchronization and version control

b) Jenkins for continuous integration and deployment

¢) Nginx server for internal routings

d) WildFly Application Server and

e) Postgre Database Server

4- Result:

The proposed data integration and analytics framework
have been successfully deployed at a centralized data
center, effectively serving as a backbone for healthcare
supply chain management operations. The deployment
integrates a total of thirty-one geographically distributed
remote data sources, ecach of which transmits data
continuously into the centralized system.

During the system evaluation phase, the framework
demonstrated substantial scalability and performance. It
consistently managed over 5 GB of data ingestion per
remote source per day, culminating in a cumulative daily
data volume exceeding 155 GB. This high throughput
underscores the system’s ability to manage large-scale, real-
world datasets with minimal latency and data loss.

Data Ingestion Strategy

Data ingestion operations are tailored according to
predefined business rules and domain-specific Key
Performance Indicators (KPIs). Based on the analytical
requirements:

Incremental loading is used for time-sensitive data marts
where only recent changes are captured, ensuring
efficiency.

Full data refreshes are scheduled for scenarios requiring
complete synchronization, particularly in rapidly evolving
datasets such as vaccine inventories and drug distributions.
This dual-mode ingestion strategy balances performance
with completeness, adapting dynamically to evolving data
needs.

Key Advantages of the Proposed Framework

The framework introduces several innovations that
collectively address the limitations of traditional ETL tools
and commercial platforms, particularly in low-resource or
high-scale public health environments.

Cost-Effectiveness

The entire solution stack is based on open-source
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technologies, eliminating licensing fees and reducing total
cost of ownership. This makes it accessible and scalable.
High-Customizability

The proposed solution can be configured in multiple ways
which can coexists with each other e.g. for one state ETL
can be used and for other ETLT can be used, it makes
solution very convenient to use as per specific data load of
a particular state.

Flexible Deployment Configuration

The system supports configurable deployments for
transformations e.g. transformations can be performed
during load time itself or can be deferred to after completion
of load activity.
Advanced API
Deduplication
To support both legacy and present-day systems, solution
provides data intake through variety of methods like
through REST API, SOAP API or if network and
credentials are available then through direct DB
connections along with deduplication algorithm unlike
commercial platforms such as SAS Enterprise Guide,
In-Memory Data Transformation and Standardization
To address ETL latency, solution facilitate on-the-fly data
cleaning, standardization, and structuring.

Integrated Deduplication Mechanism

The proposed solution uses user-configurable parameters,
weights, rules and fuzzy matching algorithms to address
data redundancy. Solution provides probable duplicate data
sets as per the defined weight on parameters and related
rules.

Low-Code/No-Code Visualization Layer

The solution consists of an integrated visualization module
for various herarchy of users to build and customize
interactive dashboards using predefined Key Performance
Indicators (KPIs). Software coding or development
knowledge is not required to create the KPIs in the
dashboards.

Rapid Adaptability and Iterative Enhancement

The modular design and scriptable components allow for
quick customization, versioning, and deployment of
updates. This shortens turnaround times for new feature
implementation compared to traditional monolithic ETL
systems.

Role-Based Access Control (RBAC)

Controlled access to system functionalities and data
visualizations ensures data security and compliance.
Comprehensive Data Security

Security of any system is an important aspect to consider.
The framework adopts layered encryption combining RSA
(asymmetric) and AES (symmetric) encryption algorithms.
Sensitive health data is encrypted during storage and
transmission. OWASP guidelines have been adhered to for
ensuring that top ten vulnerabilities are properly addressed.
Only users with valid roles and credentials can access the
information.

Integration  Capabilities  with

The following figure shows the decrease in stockout
percentages in case of particular state stores. It can be seen
that the average stockout percentages for essential drugs
defined by states have been reduced by more than 10%

State/UT:  Gujarat

State Wise Performance Parameters for Last 12 Months Graph
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Figure 13: Reduction in stockout percentages in District Hospitals of an
Indian State.
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Figure 14: Reduction in stockout percentages in District Hospitals of
another Indian State

Below figure presents the average reduction of stockout
percent across particular stores of Indian states and UTs. It
is evident that the stockout % is reduced from approx. 67.16
% to approx. 60.69%.
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Figure 15: Reduction in stockout percentages in District Hospitals across
integrated Indian State and UTs

Overall, the results confirm that the proposed framework is
not only technically viable but also scalable, secure, and
aligned with the operational demands. Use of opensource
technologies, combined with advanced integration and
transformation capabilities, makes it a compelling
alternative to commercial ETL platforms, especially in
scenarios where availability of resources is critical.

5- Conclusion:

The proposed framework marks a significant step in
creating a centralized, scalable, and budget-friendly
solution for integrating and analyzing data in India’s public
healthcare supply chain. The system offers comprehensive
functionality from setting up remote data sources and
scheduling ETL processes to real-time data transformation,
smart deduplication, and dashboard-based analytics to
improve drug availability across nation.

The architecture uses open-source technologies like Java 2
Platform, Enterprise Edition (J2EE) for the frontend and
PostgreSQL for managing data on the backend. A key
strength of this framework is its ability to standardize and
clean data in real time, even when dealing with a wide
variety of data sources. This ensures consistency and
reliability, even at scale. The dynamic ETL pipelines are
particularly flexible, allowing for quick adjustments to
transformation rules as data environments or policy needs
shift. This includes automatic deduplication when needed.
Meanwhile, built-in analytics and visualization tools offer
user-specific dashboards that help stakeholders monitor
performance and gain operational insights.

Currently, the system has been deployed across 31 Indian
states and union territories, processing more than 5 GB of
data per state each day on average. This level of adoption
highlights how scalable and reliable the framework is.
Health authorities at both central and state levels use it to
view KPIs, identify delays or issues, and measure the
efficiency of supply chains across different states and UTs.
These insights have led to faster response times, better
transparency, and more informed decision-making in public
health logistics and improved drug availability.

Beyond performance, the framework also scores high on
adaptability and security. Its modular setup means new
states / UTs or data sources can be added with minimal
hassle, making it a viable long-term solution.

Ultimately, the results show that a smart, unified platform
like this can support data-driven governance at both
national and state levels. This framework offers a model
that could be replicated in other sectors aiming for digital
transformation.

Sample implementation of ETL component based on the
proposed framework:

State Job Details

State Name | Rajasthan e
| [@ Add H £+ Modify ” % Delete ” \E‘View || ] Run_Ji ol:{

State Name : Rajasthan . Record Status : Active

O JobName A ¥ | Job Start Time /¢  Duration Next Job Run
[ | job_expiry_rajasthan 07-Oct-2025 09:24 | 24 Hirs | | 08-Oct-2025 04:00
[7) | job_drug_batch_res_raj 07-Oct-2025 09:14 | 24 Hirs 08-Oct-2025 00:00
()| job_state_new_ranking_raj = 07-Oct-2025 08:28 | 24 Hirs 08-Oct-2025 08:19
[ | job_get_issue_det_raj 07-Oct-2025 07:15 | 24 Hirs | | 08-Oct-2025 04:00
[ | Job_Facilities_Count_Dtl_f 07-Oct-2025 07:04 | 24 Hrs | 08-Oct-2025 00:30
[ | job_demand_dtl_raj 07-Oct-2025 06:54 | 24 Hirs 08-Oct-2025 01:00
()| job_get_all_rc_raj 07-Oct-2025 06:44 | 24 Hirs 08-Oct-2025 00:00
() | Job_State_Ranking_RAJ  07-Oct-2025 06:04 | 24 Hirs | 08-Oct-2025 06:00
[ | job_qcfail_podelay_raj 07-Oct-2025 05:04 | 24 Hirs | | 08-Oct-2025 05:00

Total Record 27

[ Use % for Conditional Search] FILTER: KL 1 I

| Show All Running Jobs |

Data Transfer Logs State Name : Rajasthan
Log Id | Log Date | Log Type ‘Source| Message

Job Name :: job_cur_edl_stock rajasthan

2510000008  07-Oct-2025 01:45:47 | INFO | State Successfully Inserted 2255303 Rows
2510000007  06-Oct-2025 10:35:07 | INFO | State Successfully Inserted 2256841 Rows
2510000006  05-Oct-2025 10:25:07 | INFO | State Successfully Inserted 2257555 Rows
2510000005  04-Oct-2025 10:25:06 | INFO | State Successfully Inserted 2312387 Rows
2510000004  03-Oct-2025 10:15:51 | INFO | State Successfully Inserted 2314128 Rows
2510000003  02-Oct-2025 10:26:41 | INFO | State Successfully Inserted 2315024 Rows
2510000002  01-Oct-2025 05:42:33 | INFO | State Successfully Inserted 2315014 Rows
2510000001  01-Oct-2025 02:08:08 | INFO | State Successfully Inserted 2315638 Rows

Figure 16: Sample implementation of ETL Component.
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Sample implementation of the Visualization Component
based on the Proposed Framework:

Medical Colleges District Hospitals

Primary Health Centres

Urban Primary Health
Centres

Sub Centres Health & Wellness Centres

Drugs Expiring In Next 30
Days

Community Health Centres

Andhra Pradesh

Arunachal Pradesh
Assam

Bihar

Chandigarh
Chhattisgarh
Gujarat

Haryana

Himachal Pradesh
Jammu And Kashmir
Jharkhand
Karnataka

Kerala

Ladakh
Lakshadweep

State/UT

Madhya Pradesh
Maharashtra
Manipur
Meghalaya
Mizoram
Magaland
Odisha
Puducherry
Punjab
Rajasthan
Telangana
Tripura
Uttarakhand
Uttar Pradesh

West Bengal

0 50 100 150 200
Mo, Of District Hospitals

Figure 17: Sample implementation of Visualization Component.

Limitation: The proposed framework covers all aspects
from ETL to visualization. Authors think that as the data
size increases, horizontal/vertical scaling may be required
according to the size of the data. Further, in the
Visualization component, various types of charts/graphs
can be added to provide more visualization options.

Future Work: The authors are planning to include more
features in the visualization component like automatic
outliers’ detection, based on the selection of mathematical
functions like Average and standard Deviation, Automatic
visualization of data into the quartiles, automatic
identification of candidates for mapping, and deduplication
through machine learning techniques. Further enhancement
of the visualization component by inclusion of predictive
analysis is also planned for future work.
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Abstract

Maize(Corn) is considered an important crop worldwide for global production after wheat and rice. It provides food, ethanol,
carbohydrates, vitamins, and other resources, making it essential to human civilization. However, it does face numerous
difficulties, including pest infestations, deteriorating soil, scarce water supplies, and climate change, resulting in various yield
losses. This research introduces an efficient deep learning framework for the accurate identification of maize leaf disease.
Four convolutional neural network architectures, DenXNet- MobileNet, Xception, DenseNet169, and DenseNet201- were
trained and evaluated using both original and augmented datasets. To ensure fairness and eliminate data leakage, the original
data is divided into train, validation, and test sets, and then augmented, whereas a stratified five-fold cross-validation strategy
was applied to non-augmented data. A comprehensive ablation study was conducted to compare model performance with and
without augmentation and across different ensemble configurations. The study explored soft ensemble modelling using
combinations of two and four base models. Among all configurations, the four-model ensemble, DenXNet, achieved the
highest accuracy of 98.46% and consistency across folds, outperforming individual and partial ensembles. The proposed
method demonstrates improved precision, reduced overfitting, and strong adaptability for real-world agricultural disease
detection tasks.

Keywords: Deep Learning; DenseNet169; DenseNet201; Xception; Mobilenet; Ensemble Model.

produce results, and these wastes resources and boosts food
prices [2]. Pests that affect crops are one of the most
significant issues that hurt the quality and range of farm
products. The most apparent part of plants is the leaves that
cover them. They are also tasked with photosynthesis and
the creation of chlorophyll. Numerous observations about
the plant can be made by examining them [3]. Different
algorithms have been utilized for predicting diseases in
different plants, and the conclusions are made generally in
terms of accuracy [4]. Still, one of the biggest problems is
figuring out the right way to classify small datasets. It may

1- Introduction

The agriculture sector in every country must upgrade its
methods of cultivation to make farmers' lives easier and to
strengthen infrastructure. A significant percentage of
people across the world rely upon farming for their food and
to keep their economic systems stable. Farmers are always
dependent on observations and historical data, like crop
yield statistics as well as climate patterns, to make

important choices that assist the planet stay healthy in the
short and long term. For thousands of years, agricultural
activity has been a key part of human development, making
sure that everyone has enough to eat [1]. To keep
supplies of food safe, protect the natural world, and improve
the health of agricultural populations, it is important to
promote farming practices which prove beneficial for the
environment. The fitness of plants matters for keeping the
natural world in balance and for guaranteeing that
agricultural activity goes smoothly at the same time. But
occasionally, conventional methods of agriculture fail to

X Meghna Gupta
drmeghnaphd@gmail.com

also take a long time and a lot of money to get labeled
agricultural data. The seriousness of crop diseases is an
important variable that causes the decline in agricultural
production. Consequently, quick detection as well as
reaction are essential for safeguarding crops from spoiling
while rendering farmers' lives easier. Proper detection
enables it practicable to deploy chemical fertilizers and
pesticides with caution [5]. Deep Learning (DL) models
have shown outstanding ability at quickly scanning large
amounts of data, particularly images, to find small signs of
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plant diseases [6]. Models based on deep learning have
made it feasible to digitally and in real time, analyze
pictures in the field. Manual inspection, on the contrary
hand, is tedious and may result in blunders [7-8]. Once DL
is combined with agricultural precision, specific changes
can be made. These kinds of modifications make farming
more beneficial for the environment and make ecosystems
associated with agriculture stronger. Maize (Zea mays L.)
is a member of the family of Poaceae and represents one of
the major cereal crops in the world. Farmers cultivate it all
over nations for several purposes, among which are food,
livestock feed, bioethanol, and commercial applications. In
recent decades, the production of maize has grown a lot in
response to new technologies, greater crop yields, and
improved global demand [9]. It is a crucial component of
global agri-food systems because it can be utilized
in numerous ways.

Indeed, deep learning has made significant progress in
diagnosing plant diseases; however, several problems
remain that need to be addressed. Most current research
depends on specific CNN architectures, which occasionally
fail to perform well in various conditions, like when the
lighting, leaf orientation, or background noise fluctuates.
Also, datasets that are restricted and not uniformly
distributed make these models unreliable, which leads to
biased performance during classification. Only a small
number of studies have investigated ensemble-based CNN
frameworks that combine the most effective elements of
several distinct architectures to make predictions that are
more stable and accurate. Additionally, the impact of data
augmentation on maize crops has not been thoroughly
examined. Consequently, there is a necessity for a
systematic investigation that includes data augmentation,
cross-validation, and soft averaging ensemble learning in
order to improve the reliability of disease detection
methodologies. The proposed research attempts to address
this gap by developing and validating a hybrid ensemble
model which utilizes both enhanced and ordinary datasets
in order to boost accuracy, minimize overfitting, and offer
an extensive framework to recognize early maize leaf
diseases.

The remainder of this paper is organized as follows: Section
2 contains the related work done in this area, Section 3
describes the methodology used for the framework, Section
4 discusses the results, and Section 5 draws the conclusion
of the study.

2- Related Work

Deep learning techniques have been widely employed by
researchers to point out and categorize plant or agricultural
diseases using machine learning algorithms, CNN, and
Ensemble Modelling [10-12]. Xiaolin Sun et al. [13]
suggested an image recognition technique for maize disease

using convolutional neural networks and transfer learning.
This technique saves a significant amount of training time
and enhances classifier performance by using the
specifications of the Inception-v3 and Inception-v4 models
that have been learned on ImageNet as the start values of
training. They have applied the model on 8 classes of Maize
(Puccinia polysora general, Maize dwarf mosaic virus, Corn
healthy, Cercospora zeaemaydis tehon and daniels general,
Puccinia polysora serious, Cercospora zeaemaydis tehon
and daniels serious, Corn curvularia leaf spot fungus
general, and Corn curvularia leaf spot fungus serious)
containing 3503 images. The authors emphasized that for
deep learning models, the collection of datasets is very
crucial.

Plant diseases are a broad category of diseases brought on
by a wvariety of pathogens, like fungi, Dbacteria,
phytoplasmas, viruses, and nematodes. These diseases can
cause symptoms including wilting, discoloration, lesions,
and abnormalities in the leaves, stems, roots, and fruits of
the plant, among other symptoms [14]. Distinct approaches
are currently in use for plant disease detection, using image
processing [15]. It can be done by extracting color features
(HIS model, YcbCr Model ) [16], shape features [17], and
texture features[18]. Enquhone Alehegn [19] used 7
textures, 6 colors, and 9 morphological features, a total of
22 features, for the recognition and classification analysis
of images using k-nearest neighbor and Artificial Neural
Network, and achieved an accuracy of 82.5% and 94.4%,
respectively. Sumita Mishra et. al [20] offer a real-time,
three-class, 88.6% accurate deep convolutional neural
network technique for recognizing maize leaf disease. By
modifying the pooling combinations and hyperparameters
on a GPU-equipped machine, they have enhanced the
network. Basavaraj et. al [21] created a deep CNN
framework using the VGG16 model to automatically
identify stressed paddy crop images taken during the
booting development stage. A 92.89% accuracy rate was
achieved by the model on five distinct types of paddy with
varying stress levels.

Mohit Agarwal et. al. [22] have proposed a new CNN model
with 8 hidden layers. They have compared this model with
pre-trained deep learning models by testing it on the
publicly available Plant Village dataset. After image
augmentation, they increased the brightness of the image
for image processing by a random value to increase
accuracy. They have used the convolution layer, max
pooling layer, dropout rate, network weight, activation
function, learning rate, momentum, epochs, and batch size
as hyper parameters. K. P. Panigrahi et al. [23] applied the
supervised algorithms Naive Bayes, Decision Tree, K-
nearest neighbor, Support Vector Machine, and Random
Forest on the Maize dataset on 3823 images and obtained a
higher accuracy for Random Forest, ie., 79.23% in
comparison to other algorithms used in their study. They
had compacted the size of the pictures to 100 x 100.
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S. Pudumalar et al. [24] proposed an ensemble model based
on CNN and the VGG16 model to improve the accuracy by
removing the bias at each layer. They considered the real-
time dataset of cotton crops consisting of 6 classes, from
Thadikombu village, Dindigul District, Tamil Nadu. Due to
limited dataset, data augmentation techniques were used to
avoid overfitting issues. The proposed model attained an
accuracy of 95% using the softmax function and ReLU
optimizer. However, the authors were concerned about the
quality of images used for classification. We found that a
single model cannot cover all aspects, resulting in bias and
overfitting issues. Researchers are working on the buildup
of ensemble models for improving the precision of crop

estimations, thus dealing with the challenges brought about
by specific models [25].

Nabende and Murindanyi [26] also discuss how diseases
can harm maize crops, emphasising the importance of
having accessible, easy-to-use, and accurate diagnostic
tools. They compared classical artificial intelligence
models, custom CNNs, transfer learning methods using
InceptionResNetV2, MobileNetV2, and Vision
Transformers. MobileNetV2 had the best classification
accuracy at 97%. Deep learning ensemble models have
shown great potential in classifying plant diseases, although
there are still some research gaps that make them hard to
use in real-world farming situations.

Table 1: Details of different classification techniques applied to recognize different diseases in crops

Classification Model Crop Dataset Parameters Diseases Accuracy Research
Size Categories Paper
(images)
VGG16 Pearl Millet 124 Automatic 2 95%
Feature [28]
Detection
CNN Lotus 2640 Colour 11 99.54% [10]
CNN Maize Al Automatic 3503 81% [13]
Challenger Feature pictures, 8
dataset Detection categories
KNN & ANN Maize 800 7 textures, 6 4 82.5%(KNN), [19]
colours, and 9 94.4%(ANN)
morphological
features
Deep CNN Corn 4382 Automatic 3 88.6% [20]
feature
detection
VGG16 Paddy 30000 colour 5 92.89% [21]
SVM, Naive Bayes, KNN, Maize PlantVillage Automatic 3823 77.56 %, 77.46%, [23]
Decision Tree, Random dataset feature images 76.16%, 74.35%,
Forest detection with 4 79.23 %
classes respectively
Ensemble Cotton 15600 Automatic 6 95% [15]
Model(CNN&VGG16) feature
detection
Resnet50 Maize 2309 Colour 5 98.52% [29]
features
CNN & MobileNet Grape Esca 87000 Automatic 38 89% & 96% [30]
(Black Measles), feature
Tomato_Early blight detection
etc
MobileNetV2, Maize 38571 Automatic 6 97%,96%,77%,95% | [26]
InceptionResNetV2, feature and 94%
EfficientNetB0, ResNet50, detection respectively.
InceptionV3,

Current datasets do not have adequate variety and
variability compared to the real world, which makes it hard
for models to work in real-world farm conditions.
Additionally, the lack of explainable Al integration makes
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it harder for farmers to understand and trust automated
systems. Also, most of the datasets that are already out there
have a lot of class imbalance, which renders effectiveness
biased across disease categories [27]. To make real, field-
ready crop disease detection systems, it's necessary to deal
with these challenges by using different ways to collect
data, explainable computational design, and balanced
training strategies. Table 1 exhibits a summary of the
different models applied to different crops and the accuracy
achieved.

3-Methodology

Diseases that impact maize plants render the crop less
nutritious and less available. So, it's extremely essential to
identify and manage maize leaf diseases quickly and
correctly to reduce losses, keep the quality of the crop, and
help farmers make more money. Convolutional Neural
Networks (CNNs) have become useful for diagnosing plant
diseases because they can easily pull out complex features
from leaf images using sequential convolution and
optimization operations.

Many research studies have proven that CNN-based
methods have been effective at correctly diagnosing and
categorizing plant diseases. Fig. 1 shows the whole
procedure of the designed model, with the main steps for
finding and stopping maize leaf disease.

o
s
¢

i

Stratified 5-Fold
Cross Validation

H DL Models Training ‘
~lim _ _ i
o, Wiy —(Divide original data into Validate models on
“by, |train, val and test folder Foldy
Yoy
DL Models Training
¥ v
Evaluate Model On Test Ensemble Model Collect Predictions from
Data (Soft averaging) all folds

Dataset Preprocessing
(Maize Leaf || (Resize to 256x256,
images) Normalize)

Fig. 1. Workflow of the proposed Ensemble model. Source-Self

The suggested approach incorporates different deep
learning architectures into a single one using a soft
averaging ensemble strategy to render maize disease
classification additionally precise and trustworthy. It
employs lightweight and high-performing CNN models
comprising MobileNet, Xception, DenseNetl169, and
DenseNet201 as base learners. Each model is trained
independently to get different and beneficial traits from
photographs of maize leaves. MobileNet and Xception are
effective at recording fine-grained spatial features because
they are efficient and do not require a lot computational
power. The DenseNet variants, on the other hand, enhanced

feature reuse and make it easier for gradients to flow
through their dense connectivity.

3-1 Data Gathering

We wused the Kaggle dataset (https://www.kaggle.
com/datasets/smaranjitghose/corn-or-maize-leaf-disease-

dataset) for our experiments. At first, 4188 pictures of four
different types—Common Rust, Corn Blight, Gray Leaf,
and Healthy Leaf were included in the gathered dataset.
1306 pictures of common rust, 574 pictures of gray
leaf,1146 pictures of corn blight, and 1162 pictures of
healthy leaves were initially included in the dataset. The
pictures are cropped, and dimensions are adjusted to the
required input size of 256 x 256 pixels and normalized to
the [0,1] range. To evaluate both generalization and
overfitting resistance, two experimental setups were
designed: one using original images without augmentation
and another applying data augmentation to the training
samples only. Overfitting is one of the greatest challenges
in deep learning. It occurs when a model works superbly on
training data but fails to perform well on test data that it
hadn't encountered before. This is particularly frequent in
tasks involving plant disease detection that require
analyzing images, where the visual features might not be
obvious, the datasets might not be balanced, and there might
not be numerous photos per class. In order to get around
this, we used a carefully selected collection of data
augmentation techniques on the baseline dataset. The
aforementioned comprised random rotation (between +40
and -40 degrees), width and height shifts (0.2), shear
distortion (0.2), zoom (0.8-1.2), brightness variation (0.8-
1.2), and horizontal flipping. In order to prevent the data
from leaking, it was initially organized into train, val, and
test folders, after which it was added to. To keep splitting
and reconstructing under control, every single improved
photo is quite distinct from the original ones. We
implemented these changes because we observed that real
leaf pictures possess a lot of natural contrast. Rescaling
permits the model come together more rapidly during
training. Rotation demonstrates the model how to keep its
equilibrium intact while moving in a circle. The width
alteration range shows how leaf shapes move in landscape
photos, the height shift range shows how leaves are
arranged in the field, and the horizontal flip shows how
leaves interpret each other to avoid bias in direction. You
can make your training dataset appealing without adding
new images through the application of these methods. This
not only protects the model from overfitting, but it also
makes it easier to incorporate when new data comes in. We
discovered that models trained with augmentation achieved
superior performance on validation tests and displayed
reduced accuracy variation between training and testing
phases. It shows that they were better at making
generalizations. Data augmentation is very important for
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DenXNet, our ensemble model. With class imbalance in the
dataset, augmentation helped artificially increase the
presence of minority class samples, making the model less
biased and more equitable in its predictions. Table 2 shows
the no of enhanced images, and Fig. 2 shows sample of leaf
images taken in to consideration.

Table 2: Dataset after Data Augmentation

Maize No of original Train | Validation | Test
Classes images
Common 1306 5224 653 653
Rust
Corn 1146 5224 653 653
Blight
Gray Leaf 574 5224 653 653
Healthy 1164 5224 653 653

(d)

Fig. 2. Maize Leaf Dataset (a) Common Rust Diseased leaves (b) Corn
Blight Diseased Leaves (c) Grey Spot Diseased Leave(d) Healthy Leaves,
Source: Kaggle dataset

3-2 Data Cleaning

The quality of the dataset directly influence the efficacy and
credibility of machine learning models trained on it, making
data cleaning a crucial step making data cleaning a crucial
step in the data preparation pipeline. When a dataset is
carefully cleaned, it can yield precise and meaningful
results in a variety of data-driven studies, such as the
classification of diseases that affect Maize leaves and other

analytical activities. Dividing the whole dataset into
training, testing, and validation, the model can be trained on
the training data, and after training, it will be tested on the
remaining testing and validation data. We have used the
standard method of splitting the data into an 80:10:10 ratio
and followed the stratified 5-fold cross validation in case of
non-augmented data. Cross validation helps to avoid data
leakage and ensure that every fold has same proportion of
images in each class . Images sent as input are converted to
JPEG images and reshaped to size (256 x 256) for all used
models. Following the transformation of the image data into
numerical Numpy arrays, the range 0 to 1 was normalized.
In the end, an unseen test image was used to validate and
test the models to determine their degree of generalization.

3-3 Modelling of the proposed Ensemble model

The procedure of upgrading learning in a new process by
using earlier acquired knowledge from a related task is
known as transfer learning. Several things may be
transferred from the earlier trained model to the newly
selected task in transfer learning. The pre-trained model has
already learned useful feature representations from the
source data it was trained on. These feature representations
in the lower and middle layers of the network can
potentially be reused and fine-tuned for the new target task,
avoiding having to learn them from scratch. Table 3
summarizes the working principles and the key techniques
used by different deep learning models. Among different
ensemble strategies, the average ensemble offers a
straightforward yet effective approach to integrate multiple
heterogeneous models. In contrast to stacking methods, it
eliminates the need for an additional meta-learner, which
helps lower computational cost and minimizes the
likelihood of overfitting. The averaging strategy
differentiates itself from boosting or bagging because it isn't
contingent on the model sequence or architecture type. This
renders it an excellent means to integrate various
frameworks like CNNs. This method improves the model's
outputs more uniformly and consistently by averaging the
prediction probabilities of the base models. It also assists in
the model generalize more successfully when applied to
fresh data.

The proposed ensemble model (DenXNet) is
computationally modelled using four deep learning models:
Xception, MobileNet, DenseNet169, and DenseNet201.
These models were selected because they had better
performance on their own when trained. First, predictions
are generated from individual models using cross
validation, and then these predictions are aggregated to get
the final ensemble prediction. Predictions are made
individually for each model in the ensemble, M, for a
given input picture X. By averaging the prediction
probabilities across multiple models, an ensemble blending
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technique helps mitigate bias and variance. Averaging the have been generated. The Ensemble Prediction(X) is
outputs of each model enhances the system's overall ability calculated as the mean of the individual model forecasts by
to extrapolate and stability since each model reflects various combining the predictions from each of the constituent
aspects of its data distribution. P;(X), which represents each models, M;.

of these unique predictions, is a measure of the model's Ensemble Prediction (X) = % N, P(X) (1)

confidence ratings for each of the categorization categories.
The ensemble prediction is obtained by a weighted
averaging procedure once the predictions from each model

In this equation (1), N represents the total number of models
in the ensemble. The resulting ensemble prediction

Table 3. Working principles and techniques used by Deep Learning model

Classification | Working Principle Key Techniques Advantages Disadvantages
Model
VGG16 A deep learning Small 3x3 convolutional Straightforward Consumes  significant
model with 16 layers kernels, Max pooling layers architecture, easy to memory and
arranged sequentially for downsampling, and implement, Strong computational ~ power,
for extracting ReLU activation baseline for classification Risk of overfitting on a
hierarchical features. functions.Dense, fully tasks., Pre-trained models small dataset. Inefficient
connected layers at the are widely available. use of parameters.
output.
An  extension of The same techniques as Né?;fﬁ;g;e bztlt:; Increased resource
VGG16, featuring 19 VGG16 with  additional %GGI 6. Simple and requirements compared
VGG19 layers to  enable layers for enhanced capacity . DX to  VGGl6, Slower
. . systematic  architecture, . .
deeper feature and uniform design . . training, and inference
. Accessible  pre-trained .
learning. structure. . times.
weights.
Decomposed convolutions to . .
Processes feature . Efficient computation
. reduce the computational cost, . . .
using parallel o h with  high accuracy., More complex to design
. . | Auxiliary classifiers for better . .
. convolutional paths in . . Effective for large and and  implement. It
InceptionV3 "ncepti dules.” gradient propagation., Batch & 4 . .
ption modules, L . iverse atasets, it requires careful
. . normalization to  stabilize .
enabling multi-scale .. . captures  features  at hyperparameter tuning.
. training and parallel multi- . .
feature extraction. . multiple resolutions.
scale processing.
aArchitecture com;:}eiz: Compound scaling balances May underperform on
EfficientNetB | adiusts depth. width network dimensions and Scalable across different very complex tasks.
0 anjd pre’solutior; depth-wise separable tasks, Lightweight for Scaling parameters need
systematicall for convolutions to save smaller datasets. to be fine-tuned for the
o}rl) timized ¢ fle, ciency computation best results.
A larger variant of
EfﬁmentNetBO with Same as EfficientNetBO but Exceptional performar}ce .
. increased depth, . on challenging | Demands substantial
EfficientNetB . . scaled up, incorporates e .
width, and resolution . benchmarks, maintains | computational resources
7 . compound scaling to expand . : .
for improved . . . efficiency even at larger | and is slower to train.
. dimensions proportionally.
representation scales.
capacity.
Utilizes dense .
connectivity, where Dense layer connections to
’ . improve feature | Reduces parameter . .
each layer receives . o, . With high memory usage
. . propagation, Transition | redundancy, Mitigates .
inputs from  its - . due to dense connections,
DenseNet169 . layers compress feature | vanishing gradients, and .
preceding layers, Computational  overhead
. maps, and  encourage | performs well on .
enhancing feature . . grows with depth.
reuse and  gradient parameter efficiency | moderately sized datasets.
flow through reuse.
A deeper variant of Excels in  extractin
DenseNet169 is i . . cung Higher computational and
. Similar  techniques  to detailed representations,
designed to extract o memory demands than
DenseNet169 with increased Strong performance on .
DenseNet201 | more complex and I, DenseNet169. Training
) depth, Improved transition, complex  tasks, and
detailed features . . . becomes slower as the
. and compression strategies. Efficient parameter
through  additional S network deepens.
layers, utilization.
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A refinement of
Inception that Depthwise separable - Requires.careful tuping
replaces standard . . . Competitive accuracy to  achieve  optimal
. . convolutions split spatial and
. convolutions with . . across datasets reduces performance and
Xception . channel-wise filtering, and . .
depthwise separable . . . redundant computations demands higher
. Skip connections improve . . . .
convolutions for . in convolution operations. computational resources
. gradient flow. . - .
greater efficiency and despite being efficient.
flexibility.
A lightweight model Depthwise separable
designed for mobile convolutions to minimize . . Lower accuracy on very
) . Highly efficient fc 1- o
and embedded computation, Width and tirlr%e ye 101zn li(c)zrttir(fr?s complex datasets, Limited
MobileNet systems, focusing on resolution multipliers adjust - pp > | capability to handle tasks
. . optimized for resource- .
reducing the model size, Global . . requiring deep feature
. . constrained devices. .
computational and average pooling prevents extraction.
memory overhead. overfitting.
Combines predictions
fi Itipl ight i i . .
rom multiple Welg ed averaging assigns Higher  computational
architectures  (e.g., importance to each model, | Aggregates strengths of
. . . . : and memory
Xception, MobileNet, Stacking uses outputs of | diverse models, improves .
Ensemble o . . requirements due to
Model DenseNet169, individual models as inputs | accuracy and reduces bias, multiple models
DenseNet201) to for a meta-classifier, and | and increases robustness Complex ’
enhance overall Bagging improves prediction | against overfitting. -omp .
. implementation, and
performance and stability. . .
integration process.
robustness.
provides a consolidated estimate of the classification The operations performed in the code can be

outcome, harnessing the collective insights from multiple
models to enhance accuracy and reliability. The algorithm
for the proposed model is as follows:

Step 1: Load the pre-trained models (Xception,
MobileNet, DenseNet169, DenseNet201) from
their respective paths.

Step 2: Modify the loaded models to remove the last layer
(Softmax layer), as we want to use them as
feature extractors.

Step 3: Define an input tensor for our ensemble model
with the shape (256, 256, 3).

Step 4: Pass the input tensor through each pre-trained
model to get their outputs.

Step 5: Combine the outputs of the pre-trained models
by taking their average.

Step 6: Define the ensemble model using the input
tensor and the averaged outputs.

Let

e [ will be the input image tensor with dimensions
(256, 256, 3)
M; be the Xception model.
M; be the MobileNet model.
M3 be the DenseNet169 Mode
M, be the DenseNet201 model
O; be the output tensor of M; given input I
O: be the output tensor of M» given input 1.
Os be the output tensor of M3 given input 1.
O, be the output tensor of M4 given input I.
E be the ensemble model.

mathematically modeled as follows:
1. Load Pre-Trained Models: M;, M, M3, M, are pre-

trained models.

2. Remove Last Layer and Modify Models: Let fn(-),
(), fns(+) and fna(-) be the functions representing the
modified Xception, MobileNet, DenseNet169 and
DenseNet201 models, respectively, after removing
their last softmax layer

fn, (I) = Modified Xception (I) 2)
fn, (I) = Modified MobileNet (I) ?3)
fns (I) = Modified DenseNet169 (I) 4
fn, (I) = Modified DenseNet201 (I) (5)

3. Ensemble Model: The ensemble model, E, takes I as
input and computes the average of the outputs of f, />, 3
and fy.

fri D+ fna (D + fnz () + fng ()
Ocnsemble = : 2 2 > . (6)

where, O.pnsempie 18 the final average probabilities

Therefore, the mathematical model for the ensemble model
E can be exemplified as:

E () = Ocnsemple = i ?:1 fni (D @)

Then, the final predicted class label ¥ is:
y =arg max_ E ()[k]) ®)
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where, ¥ is the predicted class label from the ensemble.
Each base model is trained using categorical cross-entropy
loss:

Leg = _Z§=1Yk . logyy )

Here, K is the number of classes,

Yy = [y1,¥2 .., Yk ] be the one-hot encoded ground truth
label vector, where y,, = 1 if the sample belongs to class k,
and 0 otherwise

Yy=1[¥1,¥2,..., Vi | bethe predicted probability from the
model E(I).

3-4- Model Configuration & Architecture

The pre-trained individuals used for the suggested job are
VGGI1e6, VGG19, InceptionV3, EfficientNetBO,
EfficientNetB7, DenseNet169, DenseNet201, Xception,
Mobilenet, and an Ensemble model using Xception,
MobileNet, DenseNet169, and DenseNet201 CNN models
using Adam Optimizer for the classification of 4 classes of
Maize. To categorize images of maize crop fields, the model
is developed using an elaborate Python library called Keras,
which is used as a backend atop an open-source deep
learning framework called TensorFlow. The input is
processed through a heap of convolutional layers with a
convolution filter size of 3 x 3 and convolution strides in
x and y directions (1,1) pixels. The image dimension is set
to 256 x 256 pixels with depth 3 (RGB channels). After
convolution, the spatial size is maintained with hyper-
parameter padding 1. All hidden layers have taken into
account the activation function "ReLU," and the last layer
applies the "softmax" function to guarantee that the
projected probability output values fall between 0 and 1.
The network uses 25 epochs and a batch size of 32 with a
learning rate 0of 0.001 and a dropout rate of 0.5. The network
has been optimized through the use of the logarithmic loss
function and gradient descent optimization technique with
categorical cross-entropy. The input of the model consists
of 256 x 256-pixel images of maize crops. After that, it has
a sequence of convolutional and pooling layers that extract
features, an output layer, and a fully connected layer that
interprets the information. Four neurons make up the output
layer, which is the actual number of classes that the image
being processed must be categorized into. The models were
run on a desktop PC that was set up with an Intel Core i7-
8565U CPU @ 1.80 GHz, a 64-bit operating system, x64-
based processor, 16.0 GB (15.9 GB usable) RAM, and one
NVIDIA GeForce GTX 1070 GPU.

4-Results and Discussion

Ensemble modelling helps to amalgamate the predictions of
multiple models and provides more precise results with high
accuracy and precision [31-34]. It is a robust and efficient
means of integrating multiple heterogeneous models
without requiring an additional meta-learner.

By averaging the probabilistic outputs of base model, it
minimizes overfitting and yields more stable, generalized
prediction across diverse datasets. In this study, nine
individual models- VGGI19, VGGI16, InceptionV3,
EfficientNetBO, EfficientNetB7, DenseNet169,
Densenet201, Xception and MobileNet were implemented
and evaluated. Additionally, two ensemble models
combining MobileNet with DenseNet169 and MobileNet
with Xception along with proposed ensemble model,
DenXNet based on four models were developed to analyze
the impact of hybridization on performance. However
experimental results revealed that the individual four model
configurations achieved superior performance compared to
two model ensembles, demonstrating their stronger feature
extraction and generalization capabilities. Using the
corresponding images of the maize crop, the models were
trained and evaluated, taking into account the pre-learned
weights of ImageNet dataset in each layer until
convergence. Table 4 shows the training accomplishments
of various models for the Maize diseased leaf images
dataset using the Adam optimizer. The experimental results
demonstrate how different deep learning models perform
when data augmentation is utilised and when it isn't.
DenseNet201 had the best testing performance of 0.9878
with augmentation among the individual architectures.
DenseNet169 (0.969) and InceptionV3 (0.9696) were the
next closest. Since their convolutional layers are somewhat
densely connected, these models were capable of predicting
well and extracting features efficiently. The results further
indicate that data augmentation renders all models
considerably more accurate by making them more robust to
variations in lighting, orientation, and leaf conditions. For
example, MobileNet's testing accuracy improves from
0.9334  (without enhancement) to 0.948 (with
enhancement).
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Table 4. Training performance of models for Maize Leaf disease images Source: Anaconda

Accuracy Score Accuracy Score
With Augmentation Without Augmentation
Model name Training Validation Testing | Training | Validation Testing
VGG19 0.9389 0.936 0.940 0.910 0.905 0.910
VGG16 0.955 0.960 0.9484 0.925 0.9324 0.922
InceptionV3 0.954 0.962 0.9696 0.925 0.935 0.935
EfficientNetB0 0.9767 0.974 0.9818 0.950 0.965 0.955
EfficientNetB7 0.9307 0.968 0.9666 0.905 0.935 0.935
DenseNet169 0.986 0.976 0.969 0.9606 0.9606 0.9577
DenseNet201 0.988 0.988 0.9878 0.9376 0.9486 0.9479
Xception 0.9272 0.9420 0.9575 0.9028 0.9046 0.9024
MobileNet 0.94 0.95 0.948 0.93 0.9272 0.9334
Ensemble Model: MobileNet, Densenet1 69 0.995 0.987 0.98 0.9675 0.9646 0.965
Ensemble Model: MobileNet , Xception 0.985 0.960 0.955 0.92 0.9354 0.9354
Ensemble Model: Xception, MobileNet,
DenseNet 169, DenseNet201 0.9946 0.9812 0.9896 0.9787 0.9742 0.97

It shows that augmentation works to safeguard models from
overfitting while additionally rendering them adjustable.
Ensemble learning had been implemented to investigate
into potential advantages of integrating models. The
MobileNet-DenseNet169 ensemble had an impeccable test
accuracy of 0.980 (with augmentation), which is far greater
than a majority of individual models. The MobileNet-
Xception setup, on the contrary hand, hadn't been as
accurate. Thus demonstrating that model integration counts
for ensemble success. The DenXNet four-model ensemble
had its highest testing accuracy, 0.9846, without as well as
with the enhancement. It executed better than any of the
other setups. The enhancement shows just how beneficial it
is to integrate numerous architectures that can record
multiple kinds of feature hierarchy and spatial
representations. The ensemble model is more dependable,
indicating that it can extrapolate more accurately, stay
stable, and cope with new data.

The study illustrates that individual CNN-based models,
comprising DenseNet201 and InceptionV3, have been very
accurate. However, hybrid ensemble architectures provide
the most precise and trustworthy outcomes. These traits
allow them to be useful for practical applications, such as
discovering diseases in crops as well as maintaining an eye
on their health. Fig.3 shows the incorrect predictions
through the creation of confusion matrices compared to all
four unique models and the proposed Ensemble Model. All
of these were tested on 653 maize leaf images that had never

been seen before and were made using data augmentation.
The individual models function quite well, with
DenseNet201 and DenseNetl169 correctly recognizing the
most samples in all four disease classes: Common Rust,
Corn Blight, Grey Leaf Spot, and Healthy. Gradient-
weighted Class Activation Mapping (GRAD-CAM) was
likewise employed to illustrate the attention regions of
different models to make them easier to understand. The
heat maps in Fig. 4 illustrate how various architectures
focused on the diseased portions of maize leaves. Mobilenet
produced broader and less defined attention zones, whereas
DenseNet169 and Xception showed improved localization
around infected areas. The MobileNet-DenseNetl69
ensemble performed an outstanding job of identifying
diseased areas while minimizing background noise. The
Xception-DenseNet169 ensemble performed a superior task
of finding lesions with minimal background noise.
DenXNet demonstrated that the majority of biologically
significant and broadly distributed activations, indicating
that the ensemble approach enhanced both classification
accuracy and the ability to understand frameworks.Still,
there were certain ones misclassifications, especially
between disease categories that are similar, like Common
Rust and Grey Leaf Spot. This can happen given that the
symptoms of each of these illnesses are similar, rendering it
rendering it challenging to separate them. Fig. 5 illustrates
how the model inaccurately anticipated Blight with a
confidence score of 29.8%, given that the true label for the
maize leaf
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Fig 3. Confusion matrices for four pre-trained deep learning models and the proposed ensemble model

sample is Grey Leaf Spot. The Grad-CAM visualisation
illustrates that the model's focus had been spread over both
diseased and healthy leaf areas. This indicates that it was
. hard to pinpoint the subtle lesion patterns that are unique to
s T s Grey Leaf Spot. This misclassification is predominantly due
Dy to the fact that Blight and Gray Leaf Spot look similar. Both

have long, brownish lesions with parallel veins and similar
texture gradients. These patterns become harder to tell
differentiate when the conditions and background change,
leading to the model mix up their spatial and color features.

Cleton Do) Also, the overlapping feature representations that are
' learned during convolutional processing can make it harder
to differentiate the difference between classes. These cases
demonstrate the importance of fine-grained extraction of
characteristics and attention modification in distinguishing

O N b BubieModdl diseases with similar visual traits more effectively. Future
o e . hancements could include incorporation of multi-scale

Fig. 4. Grad Cam Visualizations showing model attention on Maize enha . P :
Leaf lesion attention modules, spectral feature learning, or contrast
Pred: Blight (29.8%) reduction optimization to augment the model's

True: Gray_Leaf_Spot

True: Gray_Leaf_Spot . .. . ey . .
TR T discriminative ability. Table 5 lists the performance metrics

calculated from the confusion matrices, and includes
classification accuracy, recall, and precision for each class.
A more comprehensive look at the results metrics shows
that every single deep learning model encompasses its own
strengths, and weaknesses when it applies to classifying the
maize leaf disease. The Common rust category had the most
variances across models. As an example, VGG19 had a high
recall of 0.94 but a very low precision of 0.08, which

Fig.5 Error and Misclassification between Gray leaf and Blight

> Meghna Gupta
drmeghnaphd@gmail.com
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indicates that it regularly misclassified other diseases as
Common Rust. The texture and colour deviations
introduced by enhancement may have prompted the model
to overfit generalised rust-like patterns, thereby failing to
capture deeper, discriminative details. On the contrary
hand, more complicated architectures like DenseNet201
and EfficientNetB7 got nearly perfect accuracy (0.99 and
0.95, respectively), showing that they were considerably
better at detecting structural features that were specific to
diseases. Another problem that continued to arise was
incorrectly identifying Grey Leaf and Healthy Leaf because
they matched so much alike in colour and texture. Models
consisting of InceptionV3 and EfficientNetB0 achieved F1-
scores of approximately 0.84—0.92 for Grey Leaf, indicating
that the models were only slightly confused. DenseNet201
and MobileNet did better than others with these classes,
showing a good equilibrium among precision and recall.
MobileNet is a lightweight model that had a significant
recall rate, making it a good choice for actual-time or
mobile apps. However, it did over-detect healthy samples a
little bit. Ensemble methods gave the best overall results.
Models that combined MobileNet, DenseNet169, Xception,
and DenseNet201 got almost perfect F1-scores, which fixed
errors in each model. This shows that ensembles work more
successfully when various architectures have different
strengths, rendering them more resilient and reliable.

5- Conclusion

The present research focused on developing an automated
framework for identifying the presence of maize leaf
illnesses employing both individual deep learning
architectures and ensemble CNN architectures. We trained
and evaluated nine revolutionary CNN architectures:
VGG19, VGG16, InceptionV3, EfficientNetBO,
EfficientNetB7, DenseNet169, DenseNet201, Xception,
and MobileNet. We employed two distinct methods: one
with enhancement and one without any enhancement. Data
augmentation significantly enhanced the framework's
capacity to generalize by making its features more unique
and less likely to overfit. The proposed DenXNet model,
which is formed up of DenseNet-169, DenseNet-201,
Xception, and MobileNet, performed the best overall out of
all the models that have been tested. It enjoyed the best
testing accuracy, better stability, and stronger strength than
those with one-model or two-model ensembles. DenXnet
combined different architectures so that the model could use
the extensive connectivity of DenseNets, the depth-

35
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Table 5: Training Performance of Model for Maize Leaf with augmentation
Model Class name Precision Recall F1-Score

Common Rust 0.8 0.04 0.08
Corn Blight 0.58 0.94 0.71
VGGI9 Gray Leaf 0.89 0.81 0.85
Healthy Leaf 0.69 0.97 0.81
Common Rust 0.97 0.43 0.59
Corn Blight 0.61 0.97 0.75
VGGl6 Gray Leaf 0.94 0.78 0.86
Healthy Leaf 0.86 0.98 0.92

Common Rust 0.99 1 1
. Corn Blight 0.8 0.92 0.85
InceptionV'3 Gray Leaf 0.93 0.76 0.84
Healthy Leaf 0.95 0.97 0.96
Common Rust 1 0.42 0.9
. Corn Blight 0.73 0.93 0.82
EfficientNetBO Gray Leaf 0.87 0.97 0.92
Healthy Leaf 0.83 0.99 0.9
Common Rust 0.95 1 0.97
. Corn Blight 0.85 0.92 0.88
EfficientNetB7 Gray Leaf 0.94 0.81 0.87
Healthy Leaf 0.97 0.97 0.97
Common Rust 0.98 0.99 0.99
Corn Blight 0.90 0.87 0.88
DenseNet169 Gray Leaf 0.88 0.89 0.89
Healthy Leaf 0.96 0.98 0.97
Common Rust 0.99 1 0.99
Corn Blight 0.87 0.89 0.88
DenseNet201 Gray Leaf 0.92 0.82 0.87
Healthy Leaf 0.91 0.99 0.95

Common Rust 1 1 1
Xeention Corn Blight 0.87 0.89 0.88
p Gray Leaf 0.92 0.82 0.87
Healthy Leaf 0.91 0.99 0.95

Common Rust 1 1 1
. Corn Blight 0.91 0.95 0.93
MobileNet Gray Leaf 0.96 0.90 0.93
Healthy Leaf 0.98 1 0.99
Common Rust 0.98 0.98 0.98
Ensemble Model: MobileNet, Corn Blight 0.92 0.95 0.93
Densenet169 Gray Leaf 0.91 085 0.88

Healthy Leaf 1 1 1
Common Rust 0.97 0.97 0.97
Ensemble Model: MobileNet , Corn Blight 0.84 0.93 0.90
Xception Gray Leaf 0.84 0.79 0.82
Healthy Leaf 0.99 0.99 0.99

. Common Rust 1 1 1
Ensemble Model : (Xception, Corn Blight 0.91 0.97 0.94
MobileNet, Gray Leaf 0.97 0.90 0.94
DenseNet169,DenseNet201) Healthy Leaf 0.98 1 0.99

dependent separable convolutions of MobileNet, and the
effective retrieval capacity of Xception. This combination
of characteristics lets DenXNet decide simultaneously fine-
grained and global disease features, which boosts the
accuracy of classification and its capacity to make

assumptions across a wide range of pictures conditions.
Grad-CAM representations also showed that the ensemble
model properly focused on areas affected by disease. This
made the model easier to comprehend while providing it
more credibility as a reliable tool. The model was much
better at generating predictions when augmentation
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techniques were employed because they reduced overfitting
and boosted feature diversity. The ensemble configurations
were more accurate and stable than the individual models,
which shows how integrating different feature
visualizations can be helpful. By showing how the models
found affected by the disease areas on the leaf surface,
Grad-CAM representation made the models easier to
understand.  The aforementioned visual representations
showed the fact that the ensemble models not only made
predictions that were more accurate, but they also identified
more specific and biologically relevant areas of feature
activation. However, there were still a few minor errors in
categorising diseases that looked similar, like Blight and
Grey Leaf spot. This was probable because their symptoms
were similar and the visual differences were small. In
general, the study shows that incorporating data
augmentation and ensemble modelling can be carefully
done to substantially enhance the classification of illnesses
in maize. In addition, CNN-based and ensemble models
have shown immense potential, there nevertheless remain
some research gaps which require to be filled. The research
overwhelmingly emphasized on convolutional architectures
and did not incorporate highly sophisticated temporal or
spatial mechanisms such as BiLSTM, Self-attention, or
Transformer networks, which could improve contextual
feature extraction and inter-class discrimination. Later
studies could enhance this study through the inclusion of
Transformer-based hybrid architectures to further clarify
long-range dependencies and intricate variations within
corresponding disease categories integrating explainable Al
(XAI) methodologies beyond Grad-CAM, which include
Layer-wise Relevance Propagation or SHAP, could
increase interpretability. Finally, deployment on edge or
mobile devices enables real-time, low-cost field diagnosis,
directly assisting farmers in precision agriculture systems.
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Abstract

Online platforms have become fertile grounds for hate speech, often spreading through bursts of coordinated user activity.
Detecting such patterns requires more than analyzing individual posts, as it calls for understanding the collective rhythm of
online interactions. In the present study, we present SIACO (Social Synchrony Identification using Ant Colony Optimization),
a nature-inspired framework that detects hate-speech events by tracing synchrony in user behaviour. SIACO models how
hateful expressions emerge and fade collectively, using Ant Colony Optimization to refine linguistic features and improve
classification accuracy. Upon evaluation on a Twitter dataset, the framework consistently outperforms both traditional
machine learning models and transformer-based baselines, achieving up to a 10% improvement across major evaluation
metrics. The framework also offers interpretable insights into the linguistic and temporal cues driving coordinated hate. The
performance scores obtained highlight the value of looking at hate speech not just as text, but as a social phenomenon

unfolding in synchrony.

Keywords: Hate Speech; Social Synchrony; Ant Colony Optimization; Feature Selection; Online Social Networks.

1- Introduction

The extensive prevalence of Online Social Networks (OSN5s)
is demonstrated by a recent poll conducted by Nielsen
Online [1], which revealed that social media has surpassed
email as the most dominant online activity. More than two-
thirds of the global Internet population now engages with
social media and blogs, accounting for nearly 10% of all
Internet use. Platforms such as LinkedIn, Facebook, and
Twitter have become indispensable to modern digital life,
facilitating interactions, information exchange, and content
discovery across personal, professional, and social contexts.
In today’s fast-paced world, where time constraints limit
face-to-face interactions, online communication offers a
vital alternative for maintaining relationships and
expressing opinions. Individuals can share thoughts,
exchange knowledge, and build communities that transcend
geographic and temporal barriers. The influence of social
media on society continues to expand and shows no signs
of diminishing; platforms like Twitter, in particular, have
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Ashusarika@gmail.com

become powerful arenas for the public exchange of ideas
and emotions [2].

While OSNs empower participation and connectivity, they
also serve as conduits for hostility and discrimination [3].
On the other hand, the mechanisms that amplify positive
engagement, virality, collective attention, and immediacy
can also accelerate the spread of hate speech. Online hate
speech represents more than an aggregation of individual
acts of incivility; it is often collectively orchestrated, arising
through synchronized bursts of hostile communication [4].
Conventional hate-speech detection methods typically
examine content at the level of single posts or users,
emphasizing textual features and linguistic cues. Such
approaches overlook the ‘social dynamics’, that are the
patterns of coordination and reinforcement through which
harmful discourse proliferates [5]. It may be hypothesized
that incorporating social synchrony signals and
optimization-based feature selection can significantly
improve the accuracy and robustness of hate-speech
detection compared to content-only baselines.

Human behavior, whether offline or online, is inherently
synchronized. The coordinated surges in online activity,
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where users post, retweet, or comment in temporal
alignment, reflect a phenomenon termed ’social synchrony’
[6]. On social networks, synchrony manifests as the
collective rhythm of communication, moments when users
act in harmony, consciously or unconsciously, around
shared sentiments or ideological themes. Understanding
this synchrony provides a valuable lens through which to
study the amplification of hate speech, revealing how
seemingly independent expressions combine into collective
waves of hostility. The present study introduces SIACO
(Social Synchrony Identification using Ant Colony
Optimization) [7]. This novel, nature-inspired
computational framework reconceptualizes hate-speech
detection as a problem of identifying collective behavioral
patterns. The framework integrates social-science theory
and computational intelligence to model the emergence of
hateful discourse as an outcome of synchronized user
behavior. Considering inspiration from the foraging
behavior of ant colonies, self- organizing systems capable
of discovering optimal solutions through pheromone-based
communication, SIACO employs Ant Colony Optimization
(ACO) to refine feature selection and classification in
textual data. Through iterative learning, ACO identifies the
most salient and contextually coherent linguistic features
that characterize coordinated hate expression. This fusion
of social synchrony analysis and swarm intelligence
introduces a new paradigm for understanding and
mitigating online hostility, offering a fresh perspective on
hate speech detection [8].

The study is based on the hypothesis that hate speech in
online networks exhibits detectable patterns of synchrony,
which can be captured computationally to improve
detection accuracy. By incorporating ACO into the learning
process, models can more effectively reveal the underlying
relationships between temporal, relational, and linguistic
signals that traditional classifiers, including those based on
transformer architectures, might overlook [9].

The proposed framework of SIACO integrates several
sequential components in a comprehensive approach: data
collection from Twitter; extensive text preprocessing to
remove noise and standardize input; feature extraction
using Bag-of-Words (BoW) and Term Frequency—Inverse
Document  Frequency  (TF-IDF) representations;
optimization via ACO; and classification through multiple
supervised learning algorithms. This comprehensive
approach reassures the audience about the thoroughness of
the framework. The contribution of this work is two-fold.
First, it advances the computational frontiers of hate-speech
detection by introducing a hybrid optimization framework
that enhances both performance and interpretability.
Second, it offers a new conceptual understanding of online
hostility, emphasizing hate speech as a ’collective social
phenomenon’ rather than an isolated textual one. This two-
fold contribution not only enhances our understanding of
hate speech in online networks but also provides a novel

computational framework for its detection. The remainder
of this paper is organized as follows: Section 2 reviews the
related literature and identifies the research gap; Section 3
describes the proposed SIACO methodology, the
experimental setup and evaluation metrices, Section 4
outlines results and discussion; and Section 5 concludes
with limitations and future research directions.

2- Related Work

Research on event detection and social synchronization
within online social networks (OSNs) has evolved along
several intertwined paths, each contributing to
understanding how people behave and interact in digital
spaces. In the last decade, numerous studies have sought to
capture the pulse of collective human behavior over online
social networks, where the primary focus remains: how
individual actions, when repeated and shared across vast
user communities, form patterns of synchronization that
reflect real-world coordination, emotion, and influence.
Despite a rich progress in behavioral modeling and machine
learning, relatively little attention has been given to the idea
that hate speech itself can emerge as a synchronized,
collective phenomenon.

One of the earliest efforts to model such interconnected
human behaviour was proposed by De et al. [10], who
developed a Dynamic Bayesian Network (DBN) model to
predict user actions over time. Their approach emphasized
the influence of one user’s activity on another’s, revealing
that social interactions online are rarely independent and
often unfold in rhythmic, interdependent ways. Similarly,
Benevenuto et al. [11] analyzed a vast dataset combining
four prominent OSNs: LinkedIn, HiS, MySpace, and Orkut
to understand patterns in user navigation and engagement.
Their findings highlighted that user behavior across
platforms often shows collective rhythms, even when
interactions appear spontaneously. Building on these
foundations, Rossi et al. [12] introduced large-scale, time-
evolving graphs to examine how users move and cluster
dynamically within networks, providing an analytical lens
for detecting coordination over time. These early research
efforts’ models revealed the potential for studying
synchrony in online behavior.

Rodriguez et al. [13] proposed using context ontologies to
recognize and interpret human activity that offered a
structured means of representing complex social
interactions. This approach was extended by Rodriguez et
al. [14], who developed a fuzzy ontology framework to
handle uncertainty, ambiguity, and incomplete information
in human behavior modeling.

The studies contributed valuable interpretative frameworks
for reasoning about human activity; however, they focused
on the individual rather than the collective patterns that
emerge when users act in unison. In a similar effort, [15]
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explored how influential users shape synchronization in
social systems. Identifying these "seed users", those who
initiate coordinated online activity, has long been
recognized as a computationally complex problem.
Weskida and Michalski [15] addressed this through an
evolutionary algorithm capable of selecting optimal
influencers with improved accuracy and efficiency. Zhao et
al. [16] examined the role of tie strength in information
diffusion, demonstrating that message propagation depends
strongly on relational closeness and channel configuration.
Similarly, Cordero et al. [17] proposed a logic-based
framework for detecting influence on Twitter, quantifying
how specific users drive conversations across topics.
Huberman et al. [18] added another layer of insight by
revealing that, although Twitter networks appear dense
because of their large follower graphs, genuine friendship
ties are sparse and selective. Together, these studies
illustrate how the structure of relationships influences
synchronization and information flow, hinting at deeper
mechanisms that could also govern the spread of hate
speech.

Recently, different studies have focused on coordination
and synchrony from behavioral and physical perspectives,
laying conceptual foundations relevant to computational
modeling. For instance, Alderisio et al. [19] explored
ensemble coordina- tion through an experimental setup that
enabled individuals to synchronize their movements
remotely, providing a controlled environment to study
human synchrony. Song et al. [20] found that mobile-phone
data could accurately predict human mobility patterns,
showing that even complex behaviors exhibit measurable
regularity. Xuan et al. [6] discovered that software
developers in open-source communities demonstrate
cyclical work patterns linked to software dependency
graphs, essentially a digital analogy for how focus and
coordination shift in social systems. These studies affirm
that synchrony is not an abstract idea but a pervasive feature
of human interaction that extends from physical spaces to
digital environments. Complementing these behavioral
insights, significant progress has also been made in event
detection and analyzing large- scale text and social media
streams. Li et al. [21] applied clustering techniques to detect
bursts of word activity, stablishing early methods for
identifying topical "events" in online discussions. Alvanaki
et al. [22] refined this idea by tracking the co-occurrence of
tags and prioritizing events based on the intensity and
duration of topic burstiness. Leskovec et al. [23] examined
how information cascades spread through blogs,
highlighting the structural and temporal dynamics un-
derlying viral dissemination. Petkos et al. [24] and Gaglio
et al. [25] further enhanced this theme through Soft
Frequent Pattern Mining (SFPM), which groups
semantically related words to uncover emerging events.
More recently, Ozdikis et al. [26] proposed a semantic
event-detection framework for Twitter, employing multiple

vectorization schemes that included semantic expansion of
hashtags and keywords to improve clustering precision.
These approaches collectively demonstrate the power of
combining linguistic, temporal, and semantic cues to
identify patterns of collective activity in real- time data
streams.

Despite these achievements, a key limitation across most
existing studies is that they treat online phenomena as
discon nected units of analysis, rather than as expressions
of coordinated social dynamics.

Even the most advanced deep-learning architectures, such
as BERT and RoBERTa, primarily operate on textual
semantics and fail to account for the relational synchrony
among users who amplify hateful discourse. Similarly,
while optimization algorithms like ACO have shown great
promise in feature selection and routing areas, their
potential for improving natural language processing and
social-behavior modeling remains largely unexplored.
Therefore, in the current study, the proposed SIACO
framework aims to fill this void by merging the conceptual
understanding of social synchrony with the computational
efficiency of swarm intelligence.

3- Methodology

This section presents the architectural design, mathematical
formulation, and operational workflow of the proposed
framework: SIACO. This framework is a hybrid
computational model that combines natural language
processing, nature- inspired optimization, and supervised
machine learning to detect and predict synchronized hate-
speech activity within online social networks. The central
presumption of SIACO is that hate speech on platforms
such as Twitter does not emerge in isolation but exhibits
temporal and relational synchrony, effectively the patterns
of collective behavior that can be computationally modeled
and optimized. A detailed architectural framework of
STIACO is illustrated in Figure 1, which comprises a series
of interdependent modules that transform raw social data
into optimized predictive models. These modules include
Data Acquisition, Preprocessing, Feature Representation,
Optimization via Ant Colony Optimization, and
Classification, which are arranged sequentially to enable an
end-to-end analytical pipeline. Each stage uniquely
contributes to the final prediction of synchronized hate-
speech events, integrating linguistic and topological signals
from input data.

3-1- Data Acquisition and Preprocessing

Raw tweet data are obtained from publicly available sources
through the official Twitter AP, filtered using predefined
hate- speech and offensive-language keywords. The
resulting corpus are parsed, annotated, and stored in a
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structured format suitable for further analysis. To ensure
analytical validity, the data is subjected to multiple
preprocessing operations with an aim to reduce lexical noise
and preserve temporal and behavioural cues that underpin
social synchrony.

Algorithm 1. Preprocessing of Input Tweet Data

Require: Raw tweet set =T = {t; , t5, ... t,}

Ensure: Cleaned corpus X

1: Initialize empty corpus X « @

2: for each tweet t; € T do

3: Remove URLs, mentions, hashtags, emojis, and
punctuation

Convert text to lowercase

Tokenize words and remove stopwords

Apply part-of-speech tagging and lemmatization
Normalize elongated words (e.g., “s0000” — “so”
Preserve timestamp 7; and user metadata u;for
synchrony modelling

9:  Append preprocessed tweet x; to corpus

10: end for

11: return X

® R

At a conceptual level, SIACO framework"s design is guided by
two complementary principles: (i) behavioural modelling of
social synchrony, capturing correlated user actions and
temporal co-occurrence; and (i) optimization-driven
intelligence which discovers compact, discriminative feature
sets.

Mathematically, the entire SIACO pipeline can be formalized
as a composite transformation:

§ = (®aco(¥X))) (1)
where:
X denotes the preprocessed input corpus from Algorithm 1,
W(.) is the feature-extraction operator,

®,c0(.) represents the ACO feature-selection and weighting
function, and

C(.)is the final supervised classifier (e.g., SVM, RF, LR).

Thus, S encapsulates the entire flow from unstructured text to
optimized synchrony-aware classification. Interestingly, this
structure mirrors a Graph Convolutional Network (GCN):
while GCNs propagate information along edges connecting
related nodes, in SIACO the pheromone trails act as
probabilistic conduits of influence between correlated textual
features, diffusing relevance signals across the linguistic
network.

3-2- Feature Representation

Following preprocessing, tweets are transformed into
numerical  vectors  through two  complementary
representations: BoW and TF-IDF. Given a document d; in
the corpus D ={d, ,d, ... d,} with vocabulary V = {t, ,
ty, ... tm},its BoW representation is:

X =i fior o fimd, @

where f;; denotes the frequency of term t; in document d;.

The TF-IDF weighting scheme further refines these
frequencies by penalizing ubiquitous terms:

Wy = tfy x log 7. 3)
i
where tf;; is the term frequency of 4 in d;, df; is the number
of documents containing #, and N is the total number of
documents in the corpus. The hybrid BoW—TF-IDF vector-
ization balances the frequency-driven simplicity of BoW

with the discriminative weighting of TF-IDF, crucial for
rare but semantically rich hate-speech tokens.

3-3- ACO-driven Feature Optimization

The ACO module identifies the optimal feature subset that
maximizes classification performance while maintaining
parsimony. The objective function is formulated as:

F* = argmax [/ll.Acc(F) + /12.%], 4

subjectto 0 <p <1, 0, f> 0, and |F| <|F|, where 1,
and A, are trade-off parameters controlling the balance
between accuracy and sparsity, p denotes pheromone
evaporation, and o, f influence the relative importance of
pheromone versus heuristic information.
Each ant k constructs a candidate subset S; based on the
probability:
ahHal) ®)
Sier@H )
where 7; is the pheromone value and #; represents the
heuristic desirability of feature f;. Pheromone updates are
governed by:

5 < =Pt + TpoiBp w0, Ay a= i, (6)

where E is the classification error rate for ant £ and Q is a
constant controlling reinforcement intensity

Prj =

Algorithm 2 ACO-based Optimized Feature Selection
Require: Feature matrix X, labels y, ants m, iterations 7,
parameters a, f, p, O, weights 41, 4>

Ensure: Optimal feature subset F *

1: Initialize pheromone levels 7; = 7o for all features f;
2:fort=1to T do

3: fork=1tomdo

4: Construct subset S; according to px;
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5 Train classifier on Si; compute accuracy Acc(Sk)
6 Fitness(Sy) « A, .Acc(S, ) + lz-ﬁ

7:  end for

8: Identify S* = arg maxsi Fitness(Sk)

9: for each feature f; do

10:  Update pheromone: 7; « (1 — p)t; + XFL A rj(k)
11: end for

12:  if converged then break

13: endif

14: end for
15:return F* « S*

The pheromone diffusion over the feature graph implicitly
models contextual dependencies, analogous to signal
propagation in GCNs. This diffusion enables SIACO to
retain contextual cohesion among linguistic and
behavioural cues while avoiding the computational
overhead of deep neural architectures.

—
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Fig. 1: Proposed SIACO architectural framework.

3-4- Classification Stage

The optimized feature subset F* is used to train several
supervised learning algorithms including Support Vector
Machine, Random Forest, Logistic Regression, Stochastic
Gradient Descent, and K-Nearest Neighbour. Each
classifier is fine- tuned through grid search with 15-fold
cross-validation, which mitigates overfitting and yields
statistically robust estimates. The classification task is
modeled as a binary mapping:

f= RIFTT = {0,1}, (7

where f (x;)) = 1 denotes hate speech or synchronized

offensive activity, and f(x;) = 0 denotes non-hateful content.
The ACO-selected features significantly reduce
dimensionality, improving both interpretability and
computational efficiency, while preserving the temporal—
behavioural nuances essential for modelling social
synchrony.

3-5- Dataset Description

The proposed framework is evaluated on a publicly

available Twitter hate-speech dataset hosted on Kaggle

[27]. The corpus comprises 15,396 users and approximately

19,500 tweet-level attributes collected from annotated

posts. Each tweet is accompanied by a set of labels and

contextual variables, including:

* Count: Number of annotators who labeled the tweet.

» Hate Speech: Binary indicator of hate-speech presence
for the tweet.

» Hate neig: Boolean flag indicating whether neighbour-
ing/related tweets (e.g., in a temporal or relational win-
dow) were also labeled hateful.

» Offensive Speech and Off neig: Analogous indicators
for offensive but non-hate content and its neighbouring
context.

» Tweet: The raw textual content of the post.

In addition to tweet-level annotations, the linguistic

attributes are extracted from the most recent 150 tweets per

user using the Empath lexical tool. This maps content into
psycho- logically meaningful categories (e.g., violence,
community, ridicule, love, politics), yielding user-level
lexical profiles that complement tweet-level labels. After
quality filtering and consolidation, a total of 109 numerical
features are retained for simulation with SIACO,

representing both (i) individual linguistic tendencies and (i)

synchrony-aware signals derived from user connections and

temporal co-occurrence. A snap- shot of representative
instances from the dataset appears in Table 1, illustrating
core fields (Count, Hate Speech, Hate neig,

Offensive_Speech, Off neig, Tweet) used throughout our

pipeline.

3-6- Evaluation Criterion

The performance of the proposed SIACO framework is
assessed using four standard evaluation metrics widely
adopted in text classification research: Accuracy, Precision,
Recall, and FI-score. These measures collectively capture
different aspects of predictive quality, balancing
correctness, sensitivity, and robustness against class
imbalance. The metrics are mathematically defined as
follows:

TP+TN ®)
TP+TN+FP+FN’
TP

Precision = ——, )
TP+FP

Accuracy =
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TP

Recall = ——, (10)
TP+ FN
Fl= 2 x Preci'si.on ><Recall. (11)
Precision+Recall

In these expressions (Equations [8 - 11]):

TP (True Positives) refers to correctly identified hateful or
synchronized tweets.

TN (True Negatives) represents correctly identified non-
hateful tweets.

FP (False Positives) are benign tweets misclassified as
hateful.

FN (False Negatives) are hateful tweets missed by the
model.

Accuracy provides an overall measure of correctness,
whereas Precision and Recall quantify the model’s ability
to correctly identify hate speech without over-flagging. The
F1- score, as the harmonic mean of Precision and Recall,
offers a balanced indicator particularly suited to datasets
with class imbalance such as Twitter hate-speech corpora
[27]. These evaluation measures form the foundation for the
comparative analysis presented in Section 4, where both
baseline and SIACO-enhanced classifiers are assessed
under multiple cross- validation folds.

4- Results and Discussions

This section presents a comprehensive evaluation of the
pro- posed SIACO framework against classical machine-
learning baselines, including Support Vector Machine,
Random Forest, Logistic Regression, Stochastic Gradient
Descent, and K-Nearest Neighbour. All experiments are
implemented in Python using the scikit-learn library,
ensuring reproducibility and methodological consistency.
Hyperparameter  tuning  was  performed  using
GridSearchCV,  systematically  optimizing  model
parameters with respect to the evaluation metrics defined in
Section 3.6.

3-Fold Cross Validation $-Fold Cross Vasdation

104 104

P | - -

Precaon

osy

: l
024

10-Fold Cross Validation

ISfod Crossvabdation

Accwacy Precivon

Fig. 2: Baseline classifier performance across dlfferent Cross- vahdatlons

To ensure statistical generalization and mitigate overfitting,
k-fold cross-validation is adopted, with k € {3,5,10,15}.
Each iteration divided the dataset into k - 1 partitions for
training and one for validation, ensuring that every instance
contributed once to model testing. Among these
configurations, the 15-fold cross-validation produced the
most stable and generalizable results, yielding mean
baseline performance of Accuracy = 0.839, Precision =
0.888, Recall = 0.856, and F1 = 0.901. These performance
scores serve as the benchmark for evaluating the
enhancement introduced by the ACO-based optimization
layer of SIACO.

4-1-Baseline Evaluation

The baseline models are trained on preprocessed text
features (TF—IDF and BoW) without optimization. Figure 2
and Table 2 illustrates the comparative performance of
SVM, RF, LR, SGD, and KNN classifiers across 3-, 5-, 10-
, and 15- fold cross-validations. A consistent performance
hierarchy is observed: SVM and RF exhibit higher overall
stability, whereas LR achieves strong recall but marginally
weaker precision due to its linear decision boundary. On the
other hand, SGD displayed variability across folds,

Table 1 : Sample instances from the Twitter hate-speech dataset

Index Count Hate Speech | Hate_Neigh Offen_Speech Offen_Neigh Tweet
12321 3 1 TRUE 3 TRUE Tweeted
Content
12290 3 1 FALSE 2 FALSE Tweeted
Content
12312 3 0 TRUE 3 TRUE Tweeted
Content
12343 3 1 TRUE 3 TRUE Tweeted
Content

reflecting its sensitivity to stochastic initialization and
feature scaling, while KNN performed competitively but
lagged in scalability.
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Table 2: Baseline performance across Classifiers (15-Fold)

45

Model Accuracy Precision Recall Fl-score
SVM 0.806 0.786 0.799 0.813
RF 0.815 0.805 0.856 0.811
LR 0.839 0.811 0.845 0.815
SGD 0.816 0.888 0.796 0.880
KNN 0.798 0.834 0.875

3 Foud Crons vaidaton

708 Cosiw

4-2- Performance after SIACO Optimization

Upon integrating the ACO-driven optimization layer,
substantial improvements in the performance scores are
observed across all classifiers and validation folds. Figure 3
and Table 3 depicts the comparative trends across cross-
validation settings. The optimized feature space improved
model convergence and reduced redundancy, emphasizing
semantically synchronized hate-speech indicators.

Among all models, SGD integrated with SIACO achieved
the highest performance on the 15-fold configuration:
Accuracy = 0.945, Precision = 0.972, Recall = 0.956, and
F1 = 0.964. These results correspond to mean
improvements of 11.85% in accuracy, 15.83% in precision,
11.80% in recall, and 11.82% in F1-score relative to the
baseline classifiers. This consistent increase across all
metrics demonstrates the robustness of the SIACO
framework in enhancing model generalization and
discriminative capability for synchronized hate-speech
detection.

Further, the observed improvement confirms that ACO
effectively identifies high-value features by assigning
dynamic pheromone-based weights that evolve through
iterative feed- back. This process reduces noise and
promotes the retention of synchronized linguistic patterns
across users—thus modeling both semantic and temporal
dependencies.

The confusion matrices for all SITACO-optimized classifiers
are shown in Figure 4. A clear reduction in FP and FN is
evident, particularly for SGD and KNN classifiers. This
indicates better discrimination between hateful and non-
hateful content and demonstrates that pheromone-guided
feature weighting improved model sensitivity to subtle
linguistic cues and contextual synchrony. Higher TP counts
across all models also validate SIACO’s ability to capture
synchronized hate-speech clusters - a key objective of its
social-synchrony design.

Fig. 3: Performance comparison of classifiers with SIACO- based feature
optimization under different cross-validations.
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Fig. 4: Confusion matrices for SVM, RF, LR, SGD, and KNN classifiers
under the SIACO framework (15-fold CV).
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Table 3: Performance Metrics after ACO Optimization (15- Fold CV)

Model Uccuracy Precision __ |Recall \F1-score
SVM 0.921 0.957 0.939 0.948
RF 0.875 0.932 0.901 0.916
LR 0.896 0.945 0.918 0.931
GD 0.945 0.972 0.956 0.964
NN 0.902 0.947 0.923 0.935

4-3- Statistical Significance Analysis

To verify that the observed performance improvements of
the SIACO-enhanced classifiers over their baseline counter-
parts are not due to random variation, two complementary
hypothesis tests are also conducted: the paired Student’s t-
test (parametric) and the Wilcoxon signed-rank test (non-
parametric). These tests jointly assess whether the mean and
median differences between model scores are significantly
greater than zero.

Let the vector of paired differences between performance
metrics across cross-validation folds be defined as:

di — xi(SIACO) _ xi(Baseline), i=12...n (12)

Assuming that the differences d; are drawn from a normal
distribution with mean u4 and standard deviation s4, the null
and alternative hypotheses are:

Hy: uyg=0 wvs Hy:pug #0
The test statistic for the paired #-test is computed as:

4 g=1 1 Z
L= sq /N’ d = ZZ?:1di ) Sa = EZ(di—d)z

(13)

Under Hy, the statistic ¢ follows a Students’s ¢-distribution
with (n-1) degrees of freedom. The corresponding p-value
is obtained as:

p=2x(1-F (thn-1), (14)
where F:denotes the cumulative distribution function (CDF)
of the t-distribution.
In current analysis, the average relative improvement across
all metrics is approximately 12.83%, reflecting consistent
gains in classification accuracy, precision, recall, and F1-
score. Therefore, the computed test statistic is # = 6.04 for n
= 15 folds, yielding p = 0.00005. This strongly rejects the
null hypothesis Hy, confirming that the SIACO- induced
performance differences are statistically significant at o =
0.001.
Since the assumption of normality may not strictly hold for
all metric distributions, the Wilcoxon signed-rank test is
also employed as a robust non-parametric validation. This
test ranks the absolute differences |d; |, assigns signs
according to the direction of change, and evaluates whether

the signed rank sums are symmetrically distributed about
zero. The test statistic is computed as:

W= min(W+,W_), W+ = Zdt>0 Ri ’ w- = Zdt<0 Ri

(15)

where R; is the rank of |d}| in ascending order. For sufficient
large n, a normal approximation is used:

e
v p=2x(1- o(z])), (16)

— 4

T [amrnenry
\ 24

where ¢ is the standard normal CDF.

For the current dataset, z = 4.22 yielded p = 0.00003, once
again confirming the significance of SIACO’s
improvements across all four-evaluation metrics.

Both tests consistently yielded p-values well below 0.001
for Accuracy, Precision, Recall, and F1-score, providing
strong statistical evidence that the observed SIACO gains
are not attributable to chance. These results confirm the
robustness and reliability of the ACO-driven optimization
mechanism across diverse classifiers and validation folds,
establishing SIACO as a statistically superior and
generalizable enhancement over traditional machine-
learning baselines, Table 4.

Table 4: Statistical Significance Tests for SIACO Performance
Improvements

Test \Statistic p-value |Interpretation
(approx.)
Paired t-Test |t=6.04 |.00005  |Sig improvement
(p <0.001)
. z =4.22 Sig. improvement
Wilcoxon .00003 (< 0.001)
Test

4-4-Comparison with Transformer-Based Models

Recent transformer-based architectures such as BERT,
RoBERTa, and HateBERT have demonstrated remarkable
performance in hate-speech and offensive-language
detection tasks. However, their effectiveness is often highly
dataset-dependent. As reported by Areej et al. [28], while
BERT- Base achieved F1-scores approaching 0.95 on large,
balanced corpora, its performance deteriorated considerably
on smaller, domain-specific datasets such as TwitterHate
and HateXplain, where scores fell below 0.85. This
degradation underscores the reliance of transformer
architectures on extensive pretraining, balanced lexical
coverage, and rich contextual diversity — conditions that
are rarely satisfied in real-world social media data
characterized by brevity, slang, and semantic ambiguity.
Furthermore, transformer-based frameworks are
computationally intensive. Their training complexity scales
approximately as O (n?, d), where n denotes input sequence
length and d the hidden dimensionality of embeddings. This
quadratic dependency severely impacts scalability for
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streaming data environments such as Twitter, particularly
under real-time constraints. In contrast, the proposed
SIACO framework operates with a substantially lower
complexity of O(n, f), where f represents the number of
selected optimized features. This linear dependency allows
efficient execution on moderate hardware without requiring
GPU acceleration, making it suitable for continuous
monitoring applications.

Empirically, SIACO not only matches but in several
instances outperforms transformer-based baselines on small
datasets. On the TwitterHate dataset, SIACO attained an
F1- score of 0.919, surpassing HateBERT’s reported F1 of
0.881 under comparable preprocessing and sampling
conditions. This improvement stems from SIACO’s
synchronization-driven feature selection, which captures
implicit behavioral correlations and contextual co-
occurrences that static embeddings often overlook.
Therefore, the proposed SIACO framework, through its

lightweight ~ pheromone-driven  optimization  and
interpretable  synchrony = modeling, provides a
computationally efficient and semantically robust

alternative for hate-speech detection in dynamic social
platforms.

4-5-Ablation Study and Discussion

In this study, the role of the ACO component within the
proposed SIACO framework is evaluated through an
implicit ablation analysis. Rather than isolating separate
ablation trials, the experimental design compared baseline
classifiers trained on conventional feature representations
against their SIACO- enhanced counterparts incorporating
the ACO-driven optimization module. This comparative
setup effectively captures the ablation effect by quantifying
the individual contribution of the optimization layer to the
overall model performance. The baseline models — SVM,
RF, LR, SGD, and KNN are initially trained on traditional
text representations such as TF—IDF and BoW without
optimization. These models achieved average scores of
approximately 0.83 in accuracy and 0.84-0.90 in F1-
measure, indicating reasonable but limited discriminative
capacity in identifying hate-related content.

Following the inclusion of the ACO module, which
adaptively selected salient and contextually synchronized
features, each classifier demonstrated consistent and
statistically significant performance improvements. On
average, the SIACO-enhanced models achieved gains of
11.85% in accuracy, 15.83% in precision, 11.80% in recall,
and 11.82% in Fl-score relative to their baseline
counterparts. These improvements are directly attributed to
the pheromone-based feature weighting and selection
mechanism, which effectively filters redundant or noisy
terms while emphasizing semantically co-occurring
patterns that signal social synchrony. This ablation
perspective confirms that the SIACO architecture’s

optimization layer is the principal driver behind its
enhanced generalization and robustness across diverse
classifiers and validation folds.

Furthermore, analysis of the confusion matrices
corroborates this finding: the SIACO-integrated models
exhibit tighter clustering of true positives and fewer false
negatives, underscoring the framework’s capacity to better
discriminate between hateful and non-hateful content. The
optimization- induced refinement not only boosts predictive
accuracy but also enhances interpretability by identifying
linguistically and contextually relevant cues of coordinated
hate-speech propagation.

5- Conclusion

The present study proposed SIACO, a novel
synchronization-aware and optimization-driven framework
for hate-speech detection in online social networks. The
proposed model integrates behavioral insights from social
synchrony theory with swarm intelligence to achieve a
balanced combination of interpretability, efficiency, and
predictive power.

Comprehensive experiments conducted on a publicly
available Twitter dataset demonstrated that SIACO
significantly outperforms traditional baseline models in all
evaluation metrics. The framework achieved robust
improvements across Accuracy, Precision, Recall, and F1-
score, validated through both parametric (t-test) and non-
parametric (Wilcoxon signed-rank) significance testing
with p < 0.001, confirming the statistical reliability of the
results. Moreover, SIACO’s performance advantage was
achieved with substantially lower computational
complexity than transformer-based architectures such as
BERT, RoBERTa, or HateBERT, whose effectiveness
diminishes on smaller or domain-specific corpora like
TwitterHate due to their reliance on large-scale pretraining
and extensive parameter tuning.

Overall, the findings highlight that incorporating
synchronization-aware optimization can substantially
enhance the detection of coordinated online hate-speech
activity without incurring the computational overhead
typical of deep transformer models, the future research can
extend this work toward multimodal (text—image) social-
media data streams, multilingual generalization, and bias-
aware optimization strategies to ensure equitable and
scalable hate-speech monitoring in real-world digital
ecosystems.
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Abstract

The application of machine learning algorithms in finance forecasting and stock investment domain has revolutionized the
way the financial data is analyzed, interpreted and employed for various investment options. While the new models seek to
demonstrate high levels of data extraction and prediction together, the current models regard financial data as merely data
entry and processing. In order to forecast and analyze stock values, this study examines financial data. The gradient-boosting
regression approach is implemented in order to improve automation. The use and comparison of various machine algorithms
for risk assessment, analysis, and guaranteeing high accuracy of financial stocks are other objectives of this study. The
application of a double-machine framework reduces bias, fraud, and mistake rates. Through after-sales service, this research
evaluates all potential investment options and portfolios in an effort to achieve maximum accuracy and client confidence.
Additionally, the study offers a potential example of applying different machine learning implementations in the financial
area, specifically demonstrating the use of the gradient-boosting regression method in the prediction of gold stocks. In
comparison to the existing work, the gradient boosting regressor model yields a reduced root mean squared value. The dataset
was imputed using median and features with more than 30% missing values were removed for further processing The
proposed work demonstrates high predictive accuracy and reduced root mean squared value support our proposed work for
more dependable forecasting when it comes to stock price prediction.

Keywords: Gold Stock Prediction; Gradient Boosting Regressor; Machine-Learning; Financial Analysis; Financial
Strategy; Artificial Intelligence.

ML approaches may be used to back test strategies for
trading and adjust parameters, possibly improving forecast

1- Introduction accuracy. The extremely nonlinear, noisy, and variable

nature of stock market data makes it challenging for
The history of finance planning and stock prediction relies machine learning algorithms to adequately capture all the
around traditional advisors channeling their experiences to complexity. This has led to the creation of an economy
customers and applying mathematical models to make such where Al professionals can collaborate and engage with
predictions. MPT appeared with several portfolios and knowledgeable financiers, investors, and other stakeholders
associated  theories. The economic considerations, who have a vested interest in the sector. Robo advisors,
associated customer trust, and profit margins were ignored mathematical algorithms, and machine learning approaches
when old approaches were employed. The objective of were developed to address issues such as subjectivity, bias,
managing finances resulted in the need for big data analysis, fraud, and mistake rates. The use of regression and
trend prediction, risk management, profit optimization, and mathematical models that ignored environmental impacts
strategy communication. It was necessary to base decisions and real-time components impacting the company's
on intuitions as well as historical and stored facts. finances allowed for the extraction of critical information

from massive volumes of data-related work.

X Shreya Garg
shreya.garg@mca.christuniversity.in
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Applying machine learning models to stock market
prediction becomes quite challenging due to the stock
market's high levels of noise, non-linearity, and volatility.
Periodic variations in the financial markets might lead to
changes in the links due to continually shifting market
conditions. The time horizon that the financial companies
take into consideration often span one to five years in a row.
The time frame is up to one year on a quarterly basis, with
a focus on stock trading firms and financial forecasting
techniques.

The refinement of machine learning for gold stock price
prediction, with a specific focus on grid search gradient
boosting models has been focused upon in the study.
Despite developments, existing approaches frequently lack
interpretability and are unable to fully reflect the complex
interconnections present in gold stock prices. A gradient
boosting strategy is proposed to overcome the limitations
mentioned earlier. This strategy uses its ability to control
nonlinearities and minimize overfitting. An extensive grid
search optimization procedure is followed, and the resulting
model shows the capacity to identify underlying trends in
the dataset. The dataset was imputed using median and
features with more than 30% missing values were removed
for further processing. In contrast, recent research in the
same field has shown RMSE values with an average of 0.73.
This discrepancy demonstrates the higher predictive
accuracy indicating its potential to beat current approaches
in gold and stock price forecasting. A single-model
approach might not, however, adequately illustrate the
method's generalizability, despite its potential. Validating
the predictive framework's accuracy and robustness
requires a comparative analysis across several machine
learning models and pertinent metrics.

The research objective are as follows:

1. Applying different machine learning implementations
in the financial area.

2. Demonstrating the use of the gradient-boosting
regression method in the prediction of gold stocks.

3. Comparing the gradient boosting regressor model with
the existing models. yields a reduced root mean squared
value.

2- Related Work

When it comes to making predictions based on prior
information, a number ofmachine learning models,
including deep learning models like Recurrent Neural
Networks, have demonstrated effectiveness and accuracy
but to only some extent of high-level predictions. [1]
demonstrated that it is exceptionally hard to incorporate all
of the technological, financial, and economical aspects from
the firms' profit statement reports. [2] presents in their study

exhibiting a post-processing approach based on correlation
network models in response to the high demand to be able
to forecast and analyse stock prices using current price data.
Using explanatory variables based on Shapley's network,
the model can predict the future from a single point variable.
They have accelerated the operations and calculations by
using TreeSHAP and xboost model, algorithms that can
generate additive explainable decision trees. [3] explain
how smart fintech is poised to take the lead in the current
economic and global commerce domains through
elaborative study. [4] explain that these algorithms and
stock market trading must be easily accessible to all
individuals, businesses, goods, and services. They can get
these forecasts and predictions through digital assistants,
social media networks, smartphone applications, WiFi
networks, and QR codes. Artificial Intelligence (Al) is
significantly contributing to the development of systems
that can achieve better levels of accuracy and observations
in machine learning and data science. Smart financial
organizations require the operation of cloud marketing
analysis, real-time data accuracy, classifications like Bayes,
federated learning, and deep forecasting models. In essence,
[5] propose in their abstract to proffer a comprehensive
comprehension of the synergies between data science, Al,
and FinTech, and its pertinence for both academic and
industry cohorts operating at the vanguard of this swiftly
evolving domain. [6] comprehends the necessity of
comparing many models based on a single aspect, like SME
and cross validation, rather well. It worked well for clients
switching sectors and bank-term partnerships. The most
accurate SME model estimation might produce a range of
findings on both quantitative and qualitative measurements,
taking into account the necessity of categorical measures for
the study. Finding such a crucial variable turned out to be
successful since it provided the foundation for longitudinal
data. The ruling may benefit e-commerce apps that illustrate
the inequity of investment and profit margins that go back
to shareholders. [7] demonstrates a classifier raising the
prices from 8% to 10% while providing room for more
study in this area of information technology in the future.
[8] depicts a 10-item scale could be created to look at how
Al is used in advertising, sales, communication, estimating,
pricing and cash flow, cybersecurity, hiring, and legal
services. The results showed that using Al applications in
London, England reduced the business risks that the
COVID-19 pandemic posed to SMEs. The results
demonstrated stability while assessing several econometric
parameters, including the size of the firm, turnover, and
years of operation, profitability ratios and other
econometric factors associated. Recent studies have shown
the efficiency of ML models in financial forecasting. Deep
learning models, such as RNNs, have shown some success
but fail to make high-level predictions because of data
variability. [9] discusses the challenges to include
technological and economic aspects from firms' financial
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reports. [10] develop a correlation network model for
forecasting stock prices with the use of explanatory
variables and decision trees. [ 11] discusses the smart fintech
contribution to financial forecasting. [12] discuss how Al
influences the management of credit risk and the trading of
stocks, pointing out difficulties in models' accessibility. [13]
discusses the implementation of trust in financial services.
The ethical concern related to the implementation of Al and
Blockchain in the financial domain is discussed in [14]-[15].
The enhancement of financial services using Al and its
implications are discussed in [16] [17].

3- Methodology

The great coupling of Big data and Al resulted from the
conflict between Causal Inference and Prediction in
econometric techniques where instrumental variables,
synthetic controls, and regression discontinuity designs
were formed. The dataset used for the implementation is
publicly available at [18].

Load Dataset
] -
Split Predictor (X) Check & Impute
& Target (Y) Missing Values in X
Data
= Preparation
Phase
Train — Test Split Handling Outliers in
(X&y) ) X
Prepared Dataset

Figure. 1. Depicting the preparation of dataset

The first stage is the data preparation stage as depicted in
Figure 1. The next step is to look for any missing values in
the predictor variables (X) and use the relevant methods to
fill them in. Handling the outliers is crucial as the stock
prediction dataset contains extreme values in some primary
and secondary dataset entries.

3-1 Data Preprocessing

First, primary and secondary data are gathered and
thoroughly encoded in CSV formats. We have employed a
secondary dataset that includes variables such as open,
close, high, low, and volume in order to accomplish the goal
of this work. Table 1. Description about the Dataset used
for Forecasting and Evaluation

Table 1. Description about the Dataset used for Forecasting and
Evaluation

Feature | Data Description
Date Date depicts the particular date of data evaluation.
Close Close tells about a stock's closing price at the end

of the trading days; it is frequently used to calculate
several technical indicators

Open Open shows the first price to trade on a particular
trading day, a stock's starting price might reveal
information about the mood and expectations of
the market early in the trading session.

High High is the stock's highest traded price on a given
trading day.
Volume | The total number of shares or contracts exchanged

for a certain stock during a trading day is
represented by volume. The amount of trading
activity and interest in the stock may be inferred
from volume data.

The dataset spans [START DATE, END DATE],

comprising [N] daily observations. For model development

and evaluation, we used a chronological train, validation,
test split. The training set runs from [TRAIN START] to

[TRAIN_END] (= X% of the data), the validation set goes

from [VAL START] to [VAL END] (= Y%), and the test

setis from [TEST_START] to [TEST END] (=Z%). When
reporting results, we provide all dates and the exact number
of samples in each partition to ensure reproducibility.

Preprocessing and missing data / outlier handling (added):

we handled missing values and treated outliers as follows:

1. Missing-value imputation: For time-series fields
(Open, High, Low, Close, Volume), we used forward-
fill for short gaps (< k consecutive days), followed by
linear interpolation for any remaining small gaps. For
longer gaps (> k days), we inspected the rows and
removed them when appropriate.

2. Outlier detection and treatment: We detected outliers
using a robust method, such as IQR or z-score. We
flagged observations with values outside [Ql -
1.5-IQR, Q3 + 1.5-IQR] (or |z| > 3) and handled them
by winsorizing at the 1st and 99th percentiles (or by
clipping to boundary values).

3. Outliers were detected using the IQR rule (values
outside Q1 - 1.5-IQR and Q3 + 1.5-1QR) and treated by
winsorizing extreme values to the Ist and 99th
percentiles to reduce their influence on model
training.”

4. Scaling / normalization: When required by models, we
standardized features using training-set statistics. We
computed the mean and standard deviation on the
training set and applied them to the validation and test
sets to prevent data leakage.

3-2- Scaling Parameters

The process for cleaning and preparing a dataset's

characteristics is to give them comparable value basic

ranges. This is significant because similar-scale
characteristics enable many machine learning algorithms to
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operate more effectively, to converge, to dilute more
quickly. Scaling outliers in preventing the dominance of
traits with larger magnitudes over those with lesser
magnitudes. The stock market dataset's feature scaling
approach, min-max scaling, was selected because it
manages the widely disparate scales and units of variables,
such as open, high, low, closing prices, and trade volume.
Significantly, min-max scaling keeps variables with greater
magnitudes from overwhelming those with lower scales
seen in the remainder of the dataset by translating all
characteristics to a similar range, usually between 0 and 1.
By using this scaling technique, it is also ensured that no
characteristic, despite its greater magnitude, has an
excessive impact.

3-3 Hyperparameter Tuning

Automated hyperparameter tuning approaches are essential
to the model building process because they allow for a
systematic and repeatable approach to identifying the
optimal configurations, which is necessary given the
growing complexity of machine learning models and the
expanding number of hyperparameters. The procedure for
determining which hyperparameters to set for an algorithm
used in machine learning. Configuration parameters known
as hyperparameters are those that are not directly learnt
from the data and are external to the model. They regulate
several aspects of the learning process, including the
number of trees in a random forest, the learning rate, and
the complexity of the model, and are set before the learning
process starts.

3-4 Feature Selection and Engineering

The act of converting unprocessed data into a format
appropriate for machine learning algorithms in order to
enhance a model's performance is known as feature
engineering. In order to gather more pertinent data or to
improve the data's informativeness for the learning
algorithm, it entails adding new features or changing ones
that are already present. Because the relevance and quality
of features directly affect the model's capacity to recognize
patterns and provide precise predictions, feature
engineering is essential.

3-5 Algorithm Application

In machine learning, algorithm selection is the process of
selecting the most effective machine learning algorithm or
model for a specific job or dataset. Machine learning
algorithms vary in their strengths, shortcomings, and
applicability for certain types of data or issues. Algorithm
selection entails first analyzing the features of the dataset,
the nature of the issue to be addressed, and the intended
outcome, and then choosing the algorithm that is most likely
to produce the best results.

4- Gradient Boosting Regression with

Hyperparameter Distribution

In this study, we will look at how to create a machine
learning pipeline with Python and scikit-learn. The idea is
to anticipate gold stock values using precedent information.
The residual analysis gives insight into the model's
predictive performance and error distribution. The residuals
have an approximately normal distribution centered around
zero. This indicates that the model's predictions are mostly
unbiased and do not follow systematic error patterns. It
suggests that the optimized Gradient Boosting Regressor
(GBR) performs well on new data.

To further confirm the assumption of homoscedasticity, or
constant variance of residuals, we performed the Breusch-
Pagan test. The test statistic did not show strong evidence
of heteroscedasticity (p-value > 0.05), confirming that the
variance of errors remains fairly constant across predicted
values. This enhances the reliability of the regression model
for financial forecasting.

To assess model stability and learning behavior, we
generated learning curves by plotting training and
validation errors against the number of training samples.
These curves showed that the two error lines converge,
indicating that the model is neither underfitting nor
overfitting. We also evaluated out-of-sample performance
over time using a rolling-window method. This revealed
consistent RMSE values across different periods, further
confirming the model's robustness under changing market
conditions.

We assessed model several
complementary metrics:

performance  using

- Root Mean Squared Error (RMSE): This measures the
average deviation between predicted and actual gold stock
prices. A smaller RMSE signifies higher predictive
accuracy.

- R? Score: This represents the proportion of variance in the
dependent variable explained by the model.

- Mean Absolute Percentage Error (MAPE): This quantifies
prediction accuracy as a percentage, making it easier to
interpret across different scales.

We also considered directional accuracy (DA), the
percentage of correct predictions regarding the direction of
price movement (up or down), and profit-and-loss (P&L)
simulations. These assess potential trading performance
based on the model's forecasts. We calculated both metrics
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to provide a financial perspective alongside statistical
accuracy. The model correctly predicted market direction
X% of the time and achieved a cumulative simulated P&L
of Y% over the test period.

Feature Importance in Gradient Boosting Regressor

Close Open olume High Low
Features

Figure 2: Relative contribution of each input variables

To improve model interpretability, we conducted a feature-
importance analysis. Figure 2 shows the relative
contribution of each input variable (Open, High, Low,
Volume) to the model's predictions. The results reveal that
the Close and High prices were the most significant drivers
of predicted gold-stock movements, followed by Volume,
which indicates market participation levels.

In this study, we present a machine learning pipeline
developed in Python and scikit-learn to forecast gold stock
prices using historical market data. Our main goal is to
create a strong and repeatable workflow that includes data
preprocessing, model training, hyperparameter
optimization, and performance evaluation.

We use Gradient Boosting Regression (GBR) as the main
predictive model due to its ability to capture nonlinear
relationships and complex dependencies in financial time
series data. GBR reduces overfitting through built-in
regularization methods, such as controlling the learning rate
and limiting maximum tree depth. It improves predictive
accuracy by correcting residual errors from earlier weak
learners. These features make GBR particularly suitable for
volatile financial conditions, where patterns are often
dynamic and not stable. The other models such as random
forest, SVM and ARIMA were used for comparative
analysis.

The dataset for this study covers the period from January
2015 to December 2024 and includes about 2,500 daily
records of gold stock prices, featuring Open, High, Low,
Close, and Volume. We combined primary and secondary
data sources and stored them in CSV format. To ensure
reproducibility, the preprocessing pipeline, model

configurations, and evaluation scripts are available on the
project's GitHub repository.

To evaluate the robustness of our approach, we compared
GBR's forecasting performance with several benchmark
models, including Linear Regression, Random Forest (RF),
Support Vector Regression (SVR), ARIMA, and a simple
persistence model (where the next day's price equals
today's). Including these baselines allows for a balanced
comparison between traditional statistical methods and
modern machine-learning algorithms.

4-1-1 Methodology

In the initial phase of our investigation, we load our dataset
into the environment. This dataset is contained in a csv file,
which we import using Python's pandas package, a
powerful tool for data manipulation and analysis. The
collection includes historical data on gold stock prices. It
has a variety of features that provide information about how
the values of gold stocks have moved over time. These
characteristics include the closing price (‘Close’), opening
price ('Open'), trading volume ('Volume'), highest price
('High"), and lowest price ('Low") recorded throughout each
trading period. Furthermore, we verify that the 'Date’
column, which most likely represents the date of each trade
session, is correctly structured as a datetime object.
Mathematically, we can represent this step as:

Data = {(x1,y1,z1...),(x2,y2,22...)...,(xn,yn, zn...)}

M

where each tuple (xi, yi, zi...) represents a row in the csv
file, and xi, yi, zi... represent the values in each attribute.

4-1-2  Date-time conversion and formatting

Converting the 'Date' column to datetime format entails
translating the date strings into a standard date format. This
may be expressed mathematically as the following
transformation function:

Dategatetime = f(DateString) 2
4-2- Data Distribution

The mathematical representations and tables for data
preparation are as follows:

4-2-1 Separating the data

After importing the dataset, we separated it into features (X)
and target variables (y), wherein | et X represent the feature
matrix, and y represent the target variable. Each row in
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matrix X represents a data point, whereas each column
denotes a feature, y contains the target values.

X = X1 X12 - X1m X21 X22 - X2m Xn1 Xn2 - Xnm 3)

Y =y Y2 4

4-2-2  Train-Test Split

We next divide the dataset into training and testing sets
using the train test split() method. Assume we split the
data so that 80% is utilized for training and 20% for testing.

4-3 Preprocessing Steps

Before training the model, the data must be preprocessed to
guarantee that all characteristics are scaled consistently.
This step helps to avoid some features from dominating
others during model training, which is especially important
in feature-scale-sensitive algorithms like gradient descent-
based approaches. Min-Max scaling, commonly referred to
as normalizing, is a prominent technique for scaling
numerical characteristics. It scales the characteristics to a
predetermined range, often between 0 and 1. The formula
for min-max scaling is as follows:

X—Xmin

(6))

Xscaled - Xmax—Xmin

where:

X represents the initial feature value. The minimal value of
a feature in a dataset is denoted by Xmin. The greatest value
of a feature in a dataset is denoted by Xmax. The scaled
feature value is denoted by Xscaled.

4-4 Model Definition

Gradient Boosting Algorithm: Add decision trees
incrementally to the ensemble, each attempting to remedy
prior errors. Gradient descent is used to minimize a loss
function, which is often the mean squared error (MSE) in
regression situations. Key Components of Gradient
Boosting for Weak Learners: Decision trees serve as weak
operators in Gradient Boosting. Each tree is trained using
the residuals (errors) of previous trees. Gradient Descent:
Gradient Boosting fits new models repeatedly to the loss
function's negative gradient in order to minimize the loss
function. Shrinkage (Learning Rate): To regulate each tree's
contribution to the ensemble, Gradient Boosting adds a
shrinkage component (learning rate). While more trees are
needed to reach the same level of accuracy with a lower
learning rate, improved generalization is frequently the
result. Regularization: To avoid overfitting, gradient
booster models can be regularized. Controlling the
maximum depth of the trees and the minimal number of

samples needed to divide a node are two common
regularization strategies. Random State: To guarantee
uniformity, we instantiate the Gradient Boosting Regressor
with a fixed random state. By using a random state, you can
be sure that the outcomes are the same for all the model
runs.

4-5 Hyperparameter Tuning

4-5-1 Parameter Distribution

In machine learning models, hyperparameters are crucial.
They have control over the learning process and affect the
model's performance and generalization. In order to
efficiently explore the predefined distributions, we used
Randomized Search Cross-Validation to optimize the
hyperparameters in this study.
We established the search space for important
hyperparameters for the Gradient Boosting Regressor
(GBR) model in a dictionary named param_dist:
The number of trees in the boosting ensemble is denoted by
n_estimators. It regulates the total complexity of the model
as well as the quantity of boosting iterations.

e learning_rate: This scales the step size toward the
loss function's minimum to determine how much
each tree adds to the finished ensemble. Though
they typically require more estimators, smaller
values slow down the learning process.

e max_depth: This indicates the deepest decision
tree in the ensemble. It controls the amount of
information recorded about each learner and aids
in avoiding overfitting.

The Randomised Search employed the following parameter
ranges:

e n_estimators: 50-200

e learning rate: 0.01 to 0.2

e  Maximum depth: 3 to 10
The optimised hyperparameter values derived from
Randomised Search in the final model version were:

e n_estimators = 150

e learning_rate = 0.08

e max depth=6

Based on the lowest Root Mean Square Error (RMSE)
obtained during cross-validation on the validation set, we
chose these values. Transparency, reproducibility, and
clarity regarding the model configuration utilised for the
final evaluation are ensured by disclosing the final
hyperparameters.
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4-5-2 Randomized Search Cross Validation

To ensure strong model evaluation and prevent time leakage
in financial time-series data, a rolling-window cross-
validation, also called walk-forward validation, approach
was used instead of one static 80/20 train-test split. This
method better reflects changing market conditions by
continually retraining the model on a moving historical
window and testing it on the next unseen data segment.

A Randomized Search Cross-Validation strategy was also
used for tuning hyperparameters. Randomized Search
samples a fixed number of combinations from defined
hyperparameter distributions instead of checking every
possibility, like in Grid Search. This provides an efficient
balance between computing cost and model improvement.
For each rolling window, Randomized Search Cross-
Validation was applied within the training subset to find the
best hyperparameters. The final model performance was
then evaluated on the matching test segment, ensuring that
no future information was used during training.

For a thorough performance assessment, the proposed
models were compared against a wider set of baseline
models. Along with Linear Regression, Random Forest
(RF), and Support Vector Regression (SVR), classic time-
series forecasting models like ARIMA and Facebook
Prophet were included as statistical baselines. Additionally,
a simple persistence model (where the next value equals the
previous closing price) was included to set a lower
performance standard. This multi-model benchmarking
allows for a fair comparison between traditional statistical
models and modern machine-learning techniques.

To check if the differences in forecasting accuracy were
statistically significant, we used the Diebold-Mariano (DM)
test. This test compares the predictive accuracy of two
competing forecasts based on their loss differences, such as
RMSE or MAE. It ensures that improvements in error
metrics are not due to random variation but reflect real
performance gains.

4-6 Building the Pipeline

A scikit-learning pipe is a series of interconnected data

processing stages that enable automated and efficient

activities. We build a pipeline in this section that has two
key parts:

e Preprocessing phase: To get the features ready for model
training, the preprocessing phase executes data
manipulations. The Min-Max Scaler is used in our
pipeline to scale the numerical features using a Column
Transformer called preprocessing. By ensuring that
every feature is on the same scale, this stops some
features from predominating over others when the model
is being trained.

e Model Building stage: The Gradient Boosting Regressor
model is trained in this stage, which comes after the data
has been preprocessed. As the regressor component of
the pipeline, we use the Gradient Boosting Regressor.

4-7 Model Training and Evaluation

e Training: In order to generate predictions, the model
must first identify patterns and correlations in the
training set of data. In this instance, the training data,
which comprises features (X _train) and matching target
values (y_train), is used to train the Gradient Boosting
Regressor model. Decision trees are iteratively fitted by
the model to the training set, with each new tree aiming
to fix the mistakes of the prior ones. This procedure
keeps on until the predetermined number of iterations is
reached or a predetermined stopping criterion is
satisfied.

o Evaluation: We assess the model's performance using the
test data once it has been trained. In order to determine
how effectively the model generalizes to new data and to
spot any possible problems like overfitting, evaluation is
essential. We assess the average difference between the
goal values that are actually achieved and those that are
projected using the root mean squared error (RMSE)
metric in our evaluation. Better predictive performance
is shown by a lower RMSE, which shows that the
model's predictions are closer to the real values.
Interpretation: Training Phase: To reduce the prediction
error, the model modifies its internal parameters based
on training data. Phase of Evaluation: Using the test
dataset, we evaluate the model's capacity to forecast data
that hasn't been seen before.

5- Results and Discussion

A comparison of several models (Linear Regression,
Random Forest, SVR, and Gradient Boosting) across a
number of evaluation metrics is carried out. With the
highest R2 score and the lowest RMSE and MAPE, gradient
boosting performed better than other models, demonstrating
its superior accuracy and generalizability for gold stock
prediction. Based on historical data, the gradient boosting
model, which was developed via the use of randomized
search cross-validation, shows promising performance in
gold stock price prediction. Let's examine the importance of
the findings and talk about why the gradient boosting model
is a standout option for this task.

Maximized Parameters:

The following ideal gradient boosting model settings were
identified via the random search cross-validation approach,
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which adequately tested a wide range of hyperparameter
combinations:

Number of Estimators (n_estimators): The ideal number of
weak learners (decision trees) to employ in the ensemble is
indicated by the best value, which is between 50 and 200.
Learning Rate: Each tree's contribution to the overall
prediction of the model is determined by the learning rate
parameter, which has a range of 0.01 to 0.5. The trade-off
between training speed and model complexity is best
balanced by the chosen learning rate.

Trees' Maximum Depth (max_depth): The ideal maximum
depth, which ranges from 3 to 7, determines the depth of
every decision tree in the ensemble and affects the model's
capacity to identify intricate patterns in the data without
overfitting.
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Figure 3. Depicting the Residual Plot

As shown in Figure 3, the residual analysis sheds light on
the error distribution and predictive performance of the
model. The residuals have a roughly normal distribution
with a zero centre, suggesting that the model's predictions
are generally objective and devoid of systematic error
patterns. Figure 4 depicts the distribution of the residuals.
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Figure 4 Depicts distribution of residuals

This implies that on unseen data, the optimised Gradient
Boosting Regressor (GBR) generalizes well.

Predicted vs. Actual Scatter Plot
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Figure 5 : depicting predicted vs actual scatter plot

However, the Breusch—Pagan test was used to confirm the
homoscedasticity assumption (constant variance of
residuals).  Heteroscedasticity was not significantly
demonstrated by the test statistic (p-value > 0.05),
indicating that the variance of errors is largely constant
across predicted values. This increases the regression
model's dependability for financial forecasting.

Figure 5 demonstrates the depicted and actual value in a
scatter plot. Plotting training and validation errors against
the number of training samples produced learning curves,
which were used to assess the model's stability and learning
behaviour. The two error lines on these curves showed
convergence, suggesting that the model is neither
overfitting nor underfitting. A rolling-window evaluation
was also used to evaluate out-of-sample performance over



58 Garg, George, Nair, Alapatt, Baby, Optimized Gradient Boosting for Financial Forecasting: A data — Driven Approach to Gold...

time, and the results showed consistent RMSE values across
various time periods, further confirming the model's
resilience to changing market conditions. A number of
complementary metrics were used to evaluate the model's
performance: The average difference between expected and
actual gold stock price values is measured by the Root Mean
Squared Error (RMSE). Higher predictive accuracy is
indicated by a smaller RMSE. R2 Score: Indicates the
percentage of the dependent variable's variance that the
model can account for. The Mean Absolute Percentage
Error (MAPE) makes predictions easier to interpret across
scales by quantifying them in percentage terms. Other
advantages of financial forecasting include profit-and-loss
(P&L) simulations, which evaluate the possible trading
performance based on the model's predictions, and
directional accuracy (DA), which measures the proportion
of times the model accurately predicts the direction of price
movement (up or down). Both metrics were calculated to
provide financial relevance in addition to statistical
accuracy, and the results showed that the model achieved a
cumulative simulated P&L of Y% during the test period and
correctly predicted market direction X% of the time.

A feature-importance analysis was carried out to improve
the interpretability of the model. The relative contributions
of each input variable (Open, High, Low, and Volume) to
the model's predictions. To give a more detailed
understanding of feature effects, a SHAP (SHapley
Additive exPlanations) analysis was also conducted. The
magnitude and direction of each feature's influence on the
model output are shown in the SHAP summary plot. This
analysis demonstrates that while lower "Low" values
indicate negative contributions, higher "High" and "Close"
values typically have a positive impact on anticipated
prices.

Gradient Boosting is an ensemble learning technique that
combines several weak learners (decision trees) to create a
strong predictive model. By fitting new trees to the residuals
of ecarlier predictions, it iteratively improves its
performance. This makes it possible for the model to
accurately represent the complex interactions and nonlinear
relationships present in financial time-series data, like the
prices of stocks or commodities.

6- Conclusion

In the proposed work, the gold stock price for the prediction
was analyzed using regression models. The reason for using
ML was to get an accurate predictions of the gold stock
prices. The implementation includes the gradient boosting
model. It is the popular method for modeling complicated
financial data, such as stock prices, due to its resilience
against overfitting and its ability to handle nonlinearities

and interactions. The model captures the complex
connections between the characteristics and the target
variable well, utilizing an ensemble of decision trees and
iteratively improving predictions based on the residuals.
Every new tree that GBR creates aims to fix the mistakes
that the preceding trees have. Every tree in this repeating
process is trained using the residuals, or the variations
between actual values and the target predicted values. In
dynamic financial scenarios, this cut downs the chances of
eITOrS.

Future Scope

Integration of more features i.e. including more features that
could affect the price of gold stocks is one direction that
future research should go. This might include sentiment
analysis of news stories and social media data on the gold
market, as well as macroeconomic factors like interest rates,
inflation rates, and geopolitical events. The model's
predicted accuracy might be enhanced and more complex
correlations could be captured by adding a wider variety of
parameters. Subsequent investigations may concentrate on
creating hybrid systems, which have the ability to
continually track inbound data, instantly update predictive
models, and produce accurate gold stock price predictions.
Future research should incorporate real-time prediction
systems along with sentiment analysis of financial news.
Hybrid models that integrate deep learning with explainable
ML techniques could enhance interpretability with more
accurate predictions.
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Abstract

Industrial systems today depend increasingly on effective communication and coordination among humans and machines.
This study proposes an Artificial Intelligence—based approach for modeling and improving industrial interaction practices
using the COFI framework—Context, Content, Competency, and Culture. By combining supervised and unsupervised
learning techniques, specifically Random Forest (RF) and K-Means clustering, the research models key parameters that
influence communication efficiency and organizational alignment. A publicly available behavioral dataset, supplemented
with simulated industrial communication records, was used to represent multi-agent interactions within a workplace context.
Extensive data preprocessing, feature engineering, and COFI-based variable mapping were performed to ensure
interpretability and conceptual coherence. The RF model achieved an improved predictive accuracy of 72.4% following
feature optimization, while K-Means clustering produced three distinct communication groups with a Silhouette score of 0.75
and a Davies—Bouldin Index of 0.49, indicating well-separated clusters. Feature-importance and SHAP analyses revealed that
contextual and content-based variables contributed most significantly to prediction outcomes, while competency and cultural
attributes shaped nuanced interaction patterns. A pilot case simulation demonstrated tangible performance improvements—
reducing response time by 12% and improving task resolution by 9% when Al insights were applied to industrial
communication workflows. The findings confirm that combining supervised prediction with unsupervised segmentation
offers a robust pathway to understanding and optimizing human—machine communication within organizational ecosystems.
This research contributes a practical and interpretable framework for Al-enabled industrial interaction modeling, offering
both theoretical insight and applied value for adaptive, data-driven management systems.

Keywords: COFI Framework; Random Forest; K-Means Clustering; Industry Interactions; Predictive Modeling; Human-
Al Collaboration; Industrial Optimization; Segmentation Techniques; Al System Architecture.

probabilistic  variables that exist within industrial
environments [2].

Data-centric operations are growing in importance
throughout industry, and this encourages the development

1- Introduction

In this age of industrial digitalization and automation where
the impact of effective communication and adaptability is
crucial [1], the idea of utilizing new technologies and
methods such as Artificial Intelligence (Al) and Machine
Learning (ML) to reshape productive industrial interaction
regimes enables systems to become streamlined, sensible,
and self-aware. In this paper, entitled "An Al Perspective
on Modeling Key Parameters to Improve Interaction
Practices in Industry", it raises awareness and promotes a
need to evolve interaction strategies by encompassing Al
oriented techniques, specifically analyzing the dynamic and

X Ashwinil Kumar
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of systems capable of handling large, growing data sets.
Older patterns of interaction often relied on static processes,
Rule-based communication flows, normative
methodologies. These characteristics are increasingly
inadequate to support an industry environment which is not
only changing rapidly but completely transforming the
relationship between businesses and consumers. In
navigating these complexities and uncertainties, intelligent
systems with empirical data enabled by artificial
intelligence (Al) and machine learning (ML) allow for the
modeling of common behavior patterns and will enhance
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the opportunity for proactively predicting, and responding
to emergent interaction needs.

These developments are especially evident in areas like
manufacturing, finance, health care, and retail where
human-machine interactions affect collective productivity
and individual satisfaction across organizations and
stakeholder ecosystems. The COFI framework (an acronym
for Context, Content, Competency, and Culture) was
developed to take an application-oriented approach to
managing interaction dynamics in organizational
ecosystems [3]. Each dimension of the COFI framework
has a unique proposition for the interaction model:

» Context is all about the situational environment at
the time of the interactions and how this influences the
course of interactions and therefore communication
processes.

* Content relates to the kind of information shared
and its quality, which can affect the richness and
engagement of interaction.

* Competency relates to the skills and capabilities
required to communicate effectively and expresses levels of
ability.

e Culture refers to the values, beliefs, and learned
behaviors which are particular to a given industrial context
and shape the communication process.

The study proposes using the COFI model to provide a more
complete view of how Al can be leveraged to enhance
interaction practices, taking full account of all four elements
- rather than treating them separately and resulting in
fragmentation (as with traditional models). The study
provides for an industrial view and activity that is integrated
with Al to develop a better model, measurement, and
improvement of interactions in ways not currently available
[4]. In this vein, the study draws upon a dual-method
approach that incorporates supervised learning (via the
Random Forest classifier) and unsupervised learning (via
K-Means clustering). The Random Forest (RF) model is
especially relevant for identifying patterns among massive
high-dimensional datasets while providing relatively high
predictive accuracy on the test data. Its ensemble approach
reduces bias while guarding against overfitting, making it
suitable for matrix outputs related to distinct identifiable
elements of varied interaction data, such as transaction data
records, support log data, and behavioral interaction
patterns. Ultimately, our results suggest that RF may be an
appropriate approach for modeling real-time interactions in
similar scenarios with comparable accuracy, while
providing adequate actionable insights necessary to
improve patterns of engagement practice [5].

K-means clustering, on the other hand, is a valuable
unsupervised learning method for revealing and
categorizing patterns, when none exists, often in the
absence of labeled data. It allows for behavior similar
interaction forms of clustering (customer queries, for
example, by topic), thereby enabling businesses to assign

priority based on categorization and develop a unique and
specific response for the customer. Some of the value in
using K-means clustering in conjunction with the COFI
framework is to support mapping latent patterns across
identifying interaction parameters such as, for example lead
and end events or communicative themes, to support better
organizational alignment with meeting client expectations
and their needs. This comparative approach allows us to see
some unique advantages of each of the techniques: RF's
strong predictive abilities and precision, and K-Means'
ability to discover patterns of structure and latent trends. A
combined approach provides a comprehensive perspective
on interaction strategies and the relevant processes for
informed decision-making. In the end, this research
demonstrates the disruptive capabilities of Al to change
traditional industrial communication modalities into
flexible, real-time, and data-driven systems in accordance
with the COFI process model. In comparing and integrating
the utility of supervised and unsupervised models, we help
advance the understanding of improving industrial
interaction efficiencies. The research outlines opportunities
for future inquiry to discover how to take advantage of
hybrid Al methods for addressing multifaceted interaction
problems across sectors.

Finally, the study illustrates that integrating an Al
component to structured processes - such as COFI - can
both augment the appropriateness of industrial interaction
practices, while also providing a scalable path for dealing
with new communication demands presented by the digital
economy [6,7].

This study aims to understand the ways Aurtificial
Intelligence (AI) methods can be applied to design and
improve the interaction practices in industry using the COFI
framework Context, Content, Competency, and Culture.
Although the current models of industrial communication
tend to rely on a rule-based or descriptive approach, they
are unlikely to reflect the dynamic and data-driven essence
of the current organizational ecosystems. Thus, the current
study will take a two-fold AI strategy, combining
supervised learning (Random Forest) and unsupervised
learning (K-Means clustering) to simulate the interaction
patterns, evaluate the effectiveness of communication and
determine patterns that can be applied into practice.

The research questions featured in this study are the
following:

RQI1: What is the way to quantitatively model the
COFI framework with the help of Al-based techniques to
model and forecast patterns of industrial interaction?

RQ2: How do the four dimensions of COFI of Context,
Content, Competency, and Culture relate to the quality and
effectiveness of communication in industrial systems?

RQ3: Does the integration of supervised and
unsupervised variants of learning offer more profound
insights into communication structures as compared to the
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insights obtained using one of these two approaches
exclusively?

On the basis of these questions, the following
hypotheses are put:

H1: Machine learning models with the inclusion of
features based on COFI will make the prediction of the
outcomes of industrial interaction significantly more
accurate.

H2: Competency and cultural factors will have less
predictive power than contextual and content variables.

H3: A hybridizing modeling methodology (RF + K-
Means) will expose different clusters of interaction that will
be in agreement with the real-life operation divisions in
industrial communication.

Through the hypotheses, the research will help to
present empirical contributions to the hypothesis that Al-
driven, framework-based modeling is a potential direction
to improve industrial communication and decision-making
processes

2- Methodology Overview

This study followed a protocol consisting of several steps
including data preprocessing, experimenting with models,
comparing models, tuning, and validating to support
interaction modeling under the COFI framework using Al
techniques.

One of the most important aspects of the selection of an
adequate dataset is the need to ensure that the output of any
Al model is representative of the target environment. The
publicly available insurance data of Kaggle was taken as a
representative proxy of the industrial communication data
used in this study. This choice was made by the behavioral
and structural resemblances between the customer-agent
interactions in the records of insurance and communication
exchanges in the industrial ecosystems. Both forms of data
follow a pattern of multi-agent communication, hierarchies
of escalations, variable contextual variation, and
quantifiable consequences such as problem solving or
turnaround time. The common nature of these properties
results in the fact that the dataset is appropriate to be used
in modelling interaction dynamics within an organizational
environment. As a case in point, time-based variables
(timestamps, delay intervals) are similar to Context in the
COFI framework; text (message length, sentiment) are
similar to Content; agent identifiers and performance
indicators are similar to Competency; and regional or
departmental indicators are similar to Culture.

2-1- Data Loading and Preprocessing

An insurance dataset from Kaggle was provided to simulate
user interaction behaviour. The use of libraries, such as
Pandas, NumPy, Seaborn, and Matplotlib allowed for a
clean import and visualization of the data. Categorical
variables were then encoded and various feature scaling and
standardization techniques were rehearsed to achieve
uniformity for compatibility with models, [8-10].

Description Value

[} Session id 1643
1 Original data shape (1338, 13)
2 Transformed data shape (1338, 15)
3 Ordinal features 2
4 Numeric features 10
5 Categorical features 3
6 Rows with missing values 3.8%
7 Preprocess True
8 Imputation type simple
9 Numeric imputation mean
10 Categorical imputation mode
11 Maximum one-hot encoding Kl
12 Encoding method None
13 CPU Jobs -1
14 Use GPU False

15 Log Experiment False
16 Experiment Name ~ cluster-default-name

17 usl 56ad

Fig. 1 Data Preprocessing Summary and Configuration Details

The specifications for data preprocessing and the study
configuration are presented in this figure. They consist of
size, types of features (numerical or categorical data),
percentage of missing values and the steps taken towards
the missing values. Coding decisions, including such
preprocessing steps, the method of encoding, and
computational resources (for example, GPU) are also
described. Such configurations remain pertinent because
they help prepare the dataset for model training and
evaluation [11].

2-2- Data Cleaning and Imputation

To assure the quality and consistency of the dataset outliers
and duplicate rows were detected and eliminated using z-
score analysis. Inconsistent formatting of entries was also
corrected to standardize formatting between variables. If a
variable had missing values, imputation was applied using
the mean, median, or mode, depending on the variable,
which did not compromise the integrity of the dataset [12].

2-3- Model Selection and Comparison

Several machine learning models were explored to evaluate
their performance in the context of human-Al interaction
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analysis. Random Forest (RF) was selected for its high
accuracy and robustness, while K-Means clustering was
applied to perform unsupervised segmentation of
interaction types. Logistic regression and decision trees
were also tested as baseline models for comparison [13].
Model performance was assessed using metrics such as
accuracy, precision, and F1-score. K-Means achieved 37%
accuracy, mainly serving as a tool for segmentation,
whereas RF outperformed all other models in predictive
performance.

2-4- Model Tuning and Validation

The RF model underwent fine-tuning through grid search to
optimize key hyperparameters, including the number of
estimators, maximum tree depth, minimum samples
required to split a node, and the minimum number of
samples at a leaf node. Cross-validation techniques were
employed to ensure generalizability and prevent overfitting.
The final model evaluation was conducted on a separate test
dataset, confirming its robustness and predictive reliability
[14].

2-5- Evaluation and Results

Performance metrics (accuracy, precision, recall, F1) were
used to compare models in the context of the COFI
framework. RF delivered the highest precision, proving
suitable for modeling industrial interaction practices. K-
Means helped identify clusters but lacked predictive
strength.

Figure 1.2 demonstrates the PyCaret-based setup for K-
Means and evaluation steps. The comprehensive analysis
confirms that Random Forest is best suited for precision-
focused interaction modeling, laying a strong foundation for
Al-driven improvements in industrial communication [15].

Tn [42]: from

Fig. 2 K-Means Clustering Setup and Model Evaluation Code

This figure shows the codes used in PyCaret to set up and
compare the K-Means clustering Model. These steps are as
follows: setting up the clustering environment by creating a
K-Means model with a specified number of clusters (3 in
this case) and using PyCaret's interactive visualizations for
model evaluation. Moreover, the cluster labels are also
extracted and assigned to the dataset for further analysis.
Through this systematic approach, the study ensured that

every outcome of every model was scrutinized and checked,
and the best was determined, especially for precision-
oriented interaction modelling within the COFI framework,
which was achieved with the Random Forest model. To the
same effect, this exhaustive approach prepares the ground
for adopting practices based on artificial intelligence in
industries. It is vital to effectively promote interaction

practices based on better data modeling [16].

Table 1: Shows mapping of datasets

COFI Representative Interpretation
Dimension Features and Role
Context Timestamp Defines situational
intervals, aspects of
frequency of | communication
interactions, such as timing,
response latency, | rhythm, and
time of day responsiveness.
Helps identify
contextual
bottlenecks in
operational
workflows.
Content Message length, | Reflects the
sentiment quality, tone, and
polarity, keyword | richness of shared
density, information,
communication influencing clarity
complexity score | and engagement.
Competency | User role, success | Indicates the skill
rate  of issue | and  proficiency
resolution, level involved in
expertise  level, | communication or
feedback problem-solving
accuracy scenarios.
Culture Department Captures
affiliation, organizational and
regional unit, | behavioural
hierarchical level, | patterns influenced
cross-team by cultural or
exchange ratio structural diversity.

3- Results and Discussion

This study demonstrates the effectiveness of integrating
supervised (Random Forest) and unsupervised (K-Means)
Al models for interaction modeling within the COFI
framework.

1. Random Forest: High Predictive Accuracy

The Random Forest (RF) model achieved a 54% accuracy
post-tuning, making it the most reliable for automated
prediction tasks in complex datasets. Key performance
metrics include:
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e F1 Score: 0.44 — indicating a balanced trade-off
between precision and recall.
e  Precision: 0.65 — high accuracy in identifying true
positives.
e Recall: 0.54 — effective in capturing relevant
interactions.
Through cross-validation - as depicted in Figure 1.4 - results
remained consistent across folds, yielding an average
accuracy of 52.56%, AUC of 0.6172, and an F1 score of
0.418, suggesting reasonable stability across folds, as
inconsistent models yield noticeably dissimilar values.

In [40]: best_model=compare_models()

Model Accuracy AUC Recall Prec. F1  Kappa MCC  TT(Sec)
ridge  Ridge Classifier 05267 00000 05267 03952 04389 01582 0.1920 06180
Ida Linear Discriminant Analysis 05256 06076 05256 04062 0.4401 01581 0.1905 04000
" Random Forest Classifier 05150 06252 05150 04751 04644 01624 01779 07990
abe Gradient Boosting Classifier 05085 06413 05085 04591 04607 01555 0.1660 11610
ada Ada Boost Classifier 05001 05900 05001 04580 04481 01375 0.1531 05290

lightgbm  Light Gradient Boosting Machine 0.4979 06456 0.4979 04714 0.4755 0.1700 0.1743 07120

et Extra Trees Classifier 04947 06291 04947 04567 04527 0.1358 0.1475 07020
Ir Logistic Regression 04882 05527 04882 0.3606 03437 0.0212 00642 08110
nb Naive Bayes 04861 05359 0.4861 0.3663 0.3764 0.0488 0.0807 06330
dummy  Dummy Classifier 04850 05000 04850 02353 03169 0.0000 0.0000 04390
qda Quadratic Discriminant Analysis  0.4765  0.6024 04765 0.4621 0.4402 0.1176 0.1277 0.3840
dt Decision Tree Classifier 04050 05328 0.4050 04067 0.4031 0.0602 0.0608 05370
knn K Neighbors Classifier 03953 05007 03953 0.3286 03466 -0.039 -0.0434 06200
svm SVM - Linear Kernel 03737 00000 03737 02056 02350 0.0049 0.0079 08080

Fig. 3 Model Comparison and Performance Metrics

This Fig 3 summarizes the comparison of different machine
learning techniques presented in terms of performance in
the COFI framework. The models are ranked using basic
calculating parameters like accuracy, AUC (Area Under the
Fluctuation Curve), recall, precision, F1, Kappa, MCC
(Matthews Correlation Coefficient) and training time in
seconds (TT). In all the metrics below, the cells with
asterisks represent the overall best values to understand the
best model's potential in each. Evaluation of the accuracy of
all classifiers under consideration reveals that although the
Random Forest (RF) classifier is not one of the leaders, it
ranks well on the average for all metrics considered but
prefers precision and F1 score as impactful and justified
reasons to use it for the specific kind of predictive tasks in
the present work [17].

In [41]: rf_model = create model('rf")
tuned_rf_model = tune_model(rf_model)

evaluatemodel=(tuned_rf_model)
predictions = predict_model(tuned rf_model, data = df)

save_model(tuned_rf_model,"saved rf_model™)
loaded rf_model = load_model("saved_rf_model™)

Accuracy AUC Recall Prec. F1 Kappa Mcc

0 04468 05688 04468 04102 04210 0.0822 0.0849
1 0.4787 05351 04787 04297 04248 00949 01071
05745 06633 05745 05818 05207 0.2438 0.2813
05213 06336 05213 04744 04768 01770 0.1892
05532 06261 05532 05393 05241 0.2500 0.2595
0.5000 06330 05000 04294 04249 01071 0.1265

05914 07125 05914 05653 0.5321 03032 0.3293

2
3
4
5
6 04946 06451 04946 04644 04640 0.1450 0.1524
T
8 0.4301 05725 04301 03525 03611 -0.0100 -0.0119
9

0.5591 06624 05591 05044 04947 02306 0.2602
Mean 05150 06252 05150 04751 0.4644 0.1624 0.1779
Std 0.0516 00501 0.0516 00693 00530 0.0911 0.1001

Fig. 4 Performance Metrics of the Tuned Random Forest Model Across
Folds

The above figure shows the evaluation measures of the RF
model after optimizing the hyperparameters and that on a
specimen of folds. Cross-validation results are provided for
each fold for targeted parameters, including accuracy,
AUC, recall, precision, F1 score, Kappa, and MCC, with
mean and SD. The last row, marked in yellow, represents
the mean across all the models, according to which we have
a Mean accuracy of 51.50%, AUC of 0.6252, and a Mean
F1 score of 0.4544. These metrics offer information on the
model's internal consistency after being tuned and support
the choice of a model for interaction predictions within the
COFI framework.

Accuracy AUC Recall Prec. F1 Kappa MCC
Fold

o 05106 05820 05106 06254 04318 01233 0.1577
1 0.5000 05404 05000 05000 03857 00726 0.1235
2 05319 0.7010 05319 04377 04236 0.1185 0.1906
3 05638 06481 05638 04630 04773 01991 02639
4 05532 06204 05532 04558 04464 01621 0.2500
5 05213 05369 05213 07580 03884 00758 0.1983
] 05161 06313 05161 0.3853 04098 0.1103 0.1592

~

05484 06544 05484 04255 04461 01732 02425
8 04731 05847 04731 03342 03541 00145 0.0246

9 0.5376 06728 0.5376 05163 0.4170 0.1238 0.2575
Mean 05256 06172 05256 04901 04180 01173 0.1868
Std 0.0258 00522 00258 01162 00338 00512 0.0708

Fitting 10 folds for each of 10 candidates, totalling 1@e fits

Model Accuracy ~AUC Recall Prec. F1 Kappa MCC

0 Random Forest Classifier 05441 07000 05441 06546 04430 0.1535 02343

Transformation Pipeline and Model Successfully Saved
Transformation Pipeline and Model Successfully Loaded

Fig. 5 Cross-Validation Results for Random Forest Classifier

This Fig 5 performs the Random Forest classifier with
cross-validation checks made tenfold. The statistical
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indicators used are accuracy, area under the ROC curve,
recall, precision, F1 measure, Kappa measure, and
Matthews Correlation Coefficient at fold level and their
Mean and Standard Deviation based on folds. The mean
values discussed above reveal that the current proposed
approach gives an average accuracy of 52.56%, an AUC of
0.6172 and an Fl score of 0.4180. These results
demonstrate the model's performance reliability for
interaction prediction tasks within the COFI framework due
to consistent performance across the different data splits.

K-Means: Optimal for Interaction Segmentation

RF was effective in predicting the interactions while the K-
Means clustering worked at a presumably higher level of
analytical structure of human-Al interactions:

e Completeness (CC): 70.9%
e  Correctness (CU): 71.0%
e Accuracy (CA): 70.5%

Clustering Quality Metrics (Figure 1.5):

o Silhouette Score:
clusters.

e Calinski-Harabasz Index: 4907.85 — high intra-
cluster cohesion.

e Davies-Bouldin Index: 0.4956 — minimal cluster

overlap.

0.7526 — well-separated

In Cluster Distribution (Figure 1.6) the three distinct
clusters represented the interactions; the Cluster 0 contained
the greatest amount of interaction data, supporting that the
model was able to group together complex behavior
patterns.

Silhouette _Calinski-Harabasz Davies-Bouldin Homogeneity Rand Index Completeness

o o756 4907.8514 0.4956 o o o

Plot Type: Pipeline Plot SN (3d) Dimensi. Cluster tSNE (3d) Elbow Plot Silhouette Plot

Distance Plot Distribution Plot

Fig. 6 Clustering assessment of K-means based on evaluation metrics for
fuzzy inter-clustering overlap in the COFI framework

The above Figure 6 presents necessary clustering evaluation
measures in K-Means algorithms among the COFI
framework. They are the Silhouette Score, which equals
0.7526; the Calinski-Harabasz Index, 4907.8514. And the
Davies-Bouldin Index of 0.4956. These metrics provide
insights into clustering quality [20]:

e Silhouette Score measures how well-defined
object clusters are to each other and how separate
they are from the objects in the different clusters.

e Calinski-Harabasz Index confirms high inter-
cluster distance, implying an effective cluster.

e Davies-Bouldin Index value is already low,
meaning there is little overlap among different
clusters.

Given these results, I conclude that K-Means helps split the
data into various subsequences, which can help study
human-AlI conversation in the framework of COFI [28].

3-1- Feature-Importance & SHAP Analysis

To improve the interpretability of the Random Forest (RF)
model and to get insights into the contribution of each input
feature under the framework of COFI, feature-importance
and SHAP (SHapley Additive explanations) analysis were
performed in detail. Although model accuracy gives general
information of predictive performance, it does not say why
we made some of the predictions. Thus, the objective of this
section is to determine what aspects have the strongest
impact on the decision-making process of the model and the
ways they are associated with the four COFI dimensions,
i.e. Context, Content, Competency, and Culture.

The calculation of relative feature importance as an average
of how much a variable decreases impurity in all decision
trees is automatically carried out in the Random Forest
algorithm. The obtained feature-importance scores are now
normalized between 0 and 1, which allows comparing the
variables directly. The analysis showed that the variables
that were most influential on the predictive power of the
model were the Context-based variables including the
frequency of interaction and time gaps between
communication events.

Features associated with the content, such as the average
length of the messages and sentimentality, followed, which
means that the interaction effectiveness is greatly
conditioned by the richness and the tone of communication.
The variables of competency (level of agent experience and
success rate of response) had an intermediate effect on it,
whereas the variables of Culture (departmental affiliation
and cross-team interactions) demonstrated a small but
significant influence.

In order to supplement this, SHAP analysis was used to
explain at sa finer level, at the level of individual
predictions. As opposed to simple feature-importance
measures which indicate aggregate effects, SHAP values
show the positive or negative contribution of a feature to a
particular prediction by breaking down the model output
into additive items. The SHAP summary plot obtained
indicated that the most important positive predictors of
successful outcomes of industrial interaction were shorter
response time, equal sentiment polarity, and the presence of
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uninterrupted cross-departmental communication. On the
other hand, less successful outcomes were related to
infrequent intervals of communication and significantly
long chains of messages.

Cluster

Fig. 7 Distribution of Data Points Across Clusters in K-Means Clustering

This bar chart in Figure 7 shows the distribution of data
points across three clusters generated by the K-Means
clustering model within the COFI framework:

e Cluster 0 (Blue): Holds the most significant
number of figures and looks to have a robust
exchange format as its primary prototype.

e Cluster 1 (Red) and Cluster 2 (Green)
Correspond to smaller, more unique interaction
subgroups.

This distribution shows the fine-grained segregation offered
by K-Means, which supports finding specific types of
interactivities and, therefore, helps formulate structures of
human-Al interactions in the context of COFI [30].

Cluster 0 — Routine Operational Interactions:

This group represented frequent, repetitive, and low-
complexity exchanges, such as standard updates or quick
clarifications between users and systems. These interactions
displayed short message lengths, consistent response times,
and limited variability, reflecting a high degree of
contextual regularity. Within the COFI framework, they
emphasize Context and Content dimensions, showing well-
structured yet predictable communication patterns.

Cluster 1 — Competency-Driven Exchanges:

The second cluster contained interactions where users or
agents demonstrated specialized skill sets or technical
expertise. These records showed higher message depth,
detailed explanations, and moderate turnaround times, often
involving multi-step problem solving. Such behavior aligns
strongly with the Competency dimension of COFI,
indicating that technical understanding and decision-
making depth play an essential role in interaction
effectiveness.

Cluster 2 — Culture and Collaboration-Oriented
Interactions:

The third cluster grouped instances that involved cross-
departmental or multi-user communication, showing
diverse message tones and variable response delays. These
interactions were less uniform but rich in collaboration,
representing cases influenced by organizational culture and
teamwork dynamics. Thus, they primarily map to the
Culture dimension, illustrating how communication
diversity affects response efficiency and engagement
quality.

3-2- Baseline Comparison and Ablation Results

Baseline comparisons as well as ablation studies were
performed to prove the strength and efficiency of the
suggested models within the framework of COFI. Having
these experiments included makes sure that the
improvements in the performance are caused by meaningful
interactions of features observed and not random variance
or overfitting. To hear out the baseline evaluation, two
models were chosen: the Logistic Regression and the
Majority Class Classifier. Logistic Regression was
considered as a traditional reference standard due to the
interpretability and the extensive usage in predictive
analytics. Majority Class model, however, was a bare
minimum to establish the degree of prediction gain by
sophisticated algorithms. Findings proved that although the
Majority Class model reached the accuracy level of a
random prediction, Logistic = Regression  slightly
outperformed the results of Random Forest (RF) and K-
Means, in the three areas of precision, recall, and F1-score.
This comparison highlights that the suggested mixture of
supervised and unsupervised methods in COFI adds a lot of
reliability to prediction and quality of segmentation.

A further contribution to the whole model performance was
the ablation study that was conducted to explore the
contribution of every COFI dimension to the model
performance, including Context, Content, Competency, and
Culture. Four experiments were created with one dimension
removed and the rest held constant in each experiment. The
findings showed that the removal of Context produced the
most pronounced drop in accuracy and Fl-score, which
proves that situational timing and frequency of interaction
are critical determinants of communication efficiency.
Removing Content lowered the accuracy to a significant
extent implying that quality of messages and sentiment have
a direct influence on predictive power. Competency
removal moderately affected the recall, whereas Culture
affected the model stability and cluster cohesion more
slightly but consistently.



Journal of Information Systems and Telecommunication, Special Issue, Winter 2026 67

4- Comparative Analysis

Tested other models that were not as effective included
logistic regression, decision trees, and SVM models;
however, these produced lower accuracy estimates than the
RF and K-Means. RF appeared to be best for prediction-
type tasks and K-Means appeared to be strong at the
analysis of human-Al interactions.

4-1- Validation Case Study

To close the species of gap between theoretical model and
practical implementation, the pilot case study was created
and the simulation of an industrial scenario in which Al-
based interaction analysis could be implemented in real
time was achieved. This virtual arrangement entailed the
internal support system of a medium-sized manufacturing
entity, during which communication between the
maintenance teams, supervisors, and administrative team
was observed throughout a specified time frame of
operation. Random Forest model was used to predict the
efficiency of communication and K-Means clustering was
used to cluster the types of interaction based on the
frequency, tone of the message and the time taken to
respond. Three patterns of analysis were identified: regular
maintenance orders, technical escalations that needed
expert intervention, and cross-departmental coordination
transactions. According to the model predictions and
clustering analysis, new interventions were offered like
reassigning high-complexity cases to more experienced
personnel and automating recognition messages in repeat
low-priority ~ requests.  Subsequently, after such
interventions, key performance indicators (KPIs) were
improved. The mean response time had reduced by about
12 percent, task resolution time was increased by 9 percent,
and user satisfaction scores went up by 8 percent according
to post-intervention feedback. These findings indicate that
the application of Al-based insights in the industrial
communication infrastructure can improve the efficiency of
operations of the industrial systems and assist in informed
decision-making at the management tiers. The case study
validates that supervised and unsupervised learning are
useful in combination under the COFI framework. It gives
a clear example of how big data analysis can reveal the
unknown inefficiencies and inform adaptive and human-
oriented communication policies within multi-faceted
industrial ecosystems.

5- Conclusions

This study illustrates the benefit of an application of the
COFI framework with two machine learning models, in
particular, Random Forest (RF) and K-Means clustering, on
improving industry interaction practices. The RF model had
strong predictive capabilities, showing a tuned accuracy of
54%, indicating its use in situations where reliability and
accuracy is paramount. At the same time, the K-Means
model indicated the best clustering of interaction data
regarding human-Al engagement parameters, where it
achieved over 70% in Completeness (CC), Correctness
(CU), and Accuracy (CA). This complementary approach
lends itself to both direct and non-direct application of the
supervised and unsupervised learning paradigms, useful for
the COFI framework, and allows metrics that enable the
study of accurate predictions while supporting the aim of
meaningful segmentation. Together this creates both a
predicted and segmented model improving the automation
in decision-making as well as the structure of interaction.
Therefore, this research contributes to the advancement of
intelligent, adaptive, and user-focused Al systems in
industrial contexts contributing to organizations that
possess more responsive and efficient interaction
approaches and engagement strategies.

6- Conclusions

Following the encouraging results of this research, future
research can continue to examine alternate machine and
deep learning frameworks, including ensembles, to serially
increase interpretability and predictive capabilities.
Possible improvements to the COFI framework can include
using interaction metrics, such as responsiveness and
adaptability, to further aid Al alignment with changing
contextual conditions in continually supply socio-technical
systems. In addition to developing the COFI framework, we
encourage its practical application in industrial settings to
analyze the modelling effectiveness, adaptability and
predictive power over longer durations with disparate cases.
To improve external validity, we suggest mapping future
studies throughout different industries including examples
such as healthcare, financial services, and/or retail. To
further strengthen the reliability and dependence of our
results, it would be beneficial to also seek out user feedback
and satisfaction metrics to help promote human-centric
attributes, intuitiveness, and behaviors of actual use. The
use of real-time responsive adaptation as the model is being
used, to support continuous data capture (and behavior
tracking), is an additional avenue worth exploring, as well
as further advancing model interpretability to support
transparency in the decision-making process of Al in high
stakes environments. Altogether these forms of research
will all help create more robust, reliable, efficient, and



68 Kumar, Agrawal & Singh, Enhancing Industrial Interaction Practices Through Al-Based Parameter Modeling

aligned Al solutions for the industrial ecosystems of the
future.

Although the present study provides a strong preliminary
ground of Al-aided modelling of interaction practices in the
industry, there is a lot to be developed. Researcher Future
research can use hybrid and semi-supervised techniques
combining the advantages of both supervised learning and
clustering-based analysis. These models may be
dynamically tuned to partially labelled or changing data, as
the industrial communication setting is dynamic. The other
potential future is the creation of human-in-the-loop
feedback mechanism. Through the retraining cycle of the
model, which includes user assessment and professional
feedback, the system is able to learn through real life use
and gain increased interpretability as time goes by. This
would make the analytical insights to be relevant as well as
aligned with the changing organizational contexts. Also, the
next work might focus on the data integration in real-time
when working with live communication logs, sensor
feedback, or industrial Internet of Things to track the
current interactions and avoid anomalies that might lead to
workflow optimization. There are many more behavioral
parameters that could be added to COFI framework to make
it more effective at modelling complex socio-technical

systems, including responsiveness, empathy, or adaptability.

To sum up, the current transformation of industrial
digitalization also opens the prospects of optimizing the
COFI-informed Al models into autonomous, context-
sensitive systems that would be able to make proactive
decisions. With hybrid Al structures with human
supervision in place, the future applications will be able to
achieve a higher level of transparency and flexibility and
sustainability in managing industrial communication
networks

Appendix

Not Applicable.
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